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ABSTRACT
Lake St. Clair is a freshwater lake in the Lake Huron to Erie corridor in the Great Lakes
Basin. Millions of people in Canada and the United States rely on that water source for
drinking, fishing and recreational purposes. Lake St. Clair’s watershed is heavily impacted
by human activity, which can result in contamination of its waters by fecal matter of human
or animal origin containing waterborne pathogens, and thus pose a direct threat to human
health. Common sources of such pollution include combined sewer overflows, wastewater
treatment plant bypasses, and agricultural application of manure derived from animal fecal
waste. Several such sources are present in Windsor Essex County (WEC), Ontario, Canada,
which is located along the southern edge of Lake St. Clair. Two popular public beaches
and drinking water intakes are located in the nearshore region adjacent to the southern
edge. Fecal microbial pollution is currently monitoring using fecal indicator bacteria (FIB),
such as Escherichia coli (E. coli). Monitoring methods have several limitations including
their inability to predict water quality in real-time or in advance, or to identify potential
sources of contamination for more effective management. Mathematical models are tools
that can be very effective and complementary to monitoring in overcoming its limitations.
Model predictions can be real-time or near real-time and also help to identify or exonerate
potential sources of microbial pollution.
In the current study, two types of modelling approaches that are commonly being used in
the assessment of microbial contamination in beach waters and lakes were investigated:
statistical modelling based on multiple linear regression (MLR) and hydrodynamicecological modelling. The statistical MLR models developed for Sandpoint Beach in Lake
St. Clair showed higher accuracy in the range 64-78%, for predicting both exceedance and
non-exceedance of the applicable standard, as compared to 54% accuracy obtained using
the current method based on E. coli measurements. Amongst the MLR models developed,
an increase of about 5-14% in model performance was observed when qualitative sky
weather condition was included.
Results with mechanistic structured grid high-resolution AEM3D model developed for
Lake St. Clair showed that four major tributaries (Thames, Sydenham, St. Clair and Clinton
River) are unlikely to be responsible for the E. coli exceedances of provincial guideline
v

observed at Sandpoint Beach. Amongst the major tributaries, predicted E. coli
concentrations were dominated by the contribution of St. Clair River for most of Lake St.
Clair. The maximum predicted E. coli concentration from the combined input of the major
tributaries was less than 100 CFU/100 ml for most of the lake and less than 10 CFU/100
ml at Sandpoint Beach. Predicted E. coli were significantly affected by varying water
temperature and sunlight result in the temporal and diurnal dynamics of microbial water
quality in Lake St. Clair. About 12–148% differences in predicted E. coli concentrations
were observed at six drinking water intakes located in Lake St. Clair when time-variable
decay rates were used instead of a constant decay rate. Also, on average nighttime E. coli
predictions were 21–68% higher at these water intakes, as compared to daytime levels.
Results from the AEM3D model showed that while the flow contribution of eight smaller
tributaries in Windsor Essex Region to the lake is insignificant (less than 0.2%), their
contribution to the adjacent nearshore region along the southern edge of Lake St. Clair
could be quite significant. Within about 1 km from the shoreline of this nearshore region,
flow contributions from the small tributaries were estimated in the range between 18-35%,
while their contribution to E. coli concentration was estimated to be more than 80%.
Results with mechanistic unstructured grid TUFLOW-FV/AED2+ lakewide model and
with a finer mesh nested model over a 2 km region surrounding Belle River showed
differences of up to a factor of four in predicted E. coli concentrations at adjacent Lakeview
Park West Beach (LP Beach). The differences reduced to a factor of up to 1.3 at nearby
Lakeshore WTP intake located about one km away from shore. While the average
contribution of the Belle River to E. coli concentrations at Lakeshore WTP intake was
predicted to be <20%, the contribution increased to >80% when higher concentrations (1035 CFU/ 100 ml) were predicted. The results also indicate that the construction of the
marina may have contributed to some increase in E. coli concentrations at LP Beach from
the external sources considered. However, construction of a new 150 m jetty in 2018, in
place of the 25 m jetty separating Belle River from LP Beach, is expected to reduce the E.
coli concentrations at LP Beach from the same sources by about 80%.
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General Introduction

CHAPTER 1 GENERAL INTRODUCTION
1.1

Background

Microbial contamination in the Great Lakes is of particular health concern to more than 30
million people that use its waters for drinking and recreational use. Swimming in
contaminated waters may result in gastrointestinal and respiratory diseases caused by
pathogens. The most common waterborne pathogens, that include bacteria, viruses, and
protozoa, originate from human and animal fecal matter. The risk to get acute
gastrointestinal illness (AGI) after swimming in recreational water is about 3-8% (Sanborn
and Takaro, 2013). Crowded beaches have higher rates of illness and children are at higher
risk as they usually play in the sand and highly contaminated water in the shoreline. In
addition to the health effects, there are significant direct and indirect economic impacts
associated with fecal pollution of water resources. Activities such as a day trip to a beach
can be a significant source of revenue for communities during summer months. Annually,
lost revenue in the range of 11.3M to USD 117M is reported from the Great Lakes
recreational swimmers for those days when swimming is banned (Rabinovici et al., 2004;
Shaikh, 2006). In another study in Ontario, a cost of CAD 1,089 per case of AGI was
estimated when over the counter medications, lost patient or parental work time, and costs
to the health care provider were included (Majowicz et al., 2006).
1.1.1

Pathogens and Fecal Indicators

The main health risk associated with exposure to recreational water quality hazards is an
infection as a result of contact with pathogenic microorganisms. Many kinds of pathogens
might end up appearing in water from different sources. Detection of waterborne fecal
pathogens is very difficult and costly. For each type of bacterium, virus or protozoan a

1

General Introduction

different test is required. Hence, it is impractical to monitor water quality for every
pathogen on a routine basis. Since most of these pathogens originate from human or animal
fecal matter, a more practical alternative is to identify and monitor a more universal marker
for fecal pollution. Escherichia coli (E. coli) and Enterococci fit that bill and are included
in the group referred to as fecal indicator bacteria (FIB). These two FIBs are commonly
used for routine monitoring of fecal pollution in natural waters (Health-Canada, 2012;
USEPA, 2012; WHO, 2017). These indicators are groups of bacteria that are abundant in
human and warm-blood animal feces and it is assumed that their concentration is correlated
with that of major pathogens. Statistically significant relationships for the probability of
occurrence of waterborne pathogens and FIBs have been reported (Payment et al., 2000).
Epidemiological studies show that low levels of indicator bacteria such as E. coli in beach
waters are sufficiently predictive of low gastrointestinal illness rates to be useful in helping
to protect the health of beachgoers (Wade et al., 2003).
1.1.2

Guidelines for Recreational and Source Drinking Water Quality

To protect bathers from unexpected adverse water quality due to swimming in polluted
water, microbial water quality is typically monitored for FIB by local beach managers.
Recreational water quality generally falls under provincial and territorial jurisdiction
(Health-Canada, 2012). To maximize beach safety, it is important to monitor water quality
routinely and notify users of potential hazards as soon as possible. To test the water, a
minimum of five sampling points for each beach should be identified for the beaches with
a length of 1 km or less. In Ontario, Canada, the Ontario Ministry of Health and LongTerm Care sets out geometric mean E. coli concentration (minimum of five samples) of
100 colony-forming unit (CFU)/100 ml, updated to 200 CFU/100 ml in 2018 and a single-
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sample maximum concentration ≤ 400 CFU/100 ml as a safe limit for swimming and
bathing at freshwater beaches (Health-Canada, 2012; OMHLTC, 2018). Closures are
issued for beaches that have E. coli levels ≥ 1000 CFU/100 ml.
In the case of drinking water quality, the highest-priority guidelines are those dealing with
microbiological contaminants. Protecting sources of municipal drinking water such as
lakes, rivers and well water is important to ensure clean, safe and sustainable drinking
water according to the Clean Water Act, 2006 as part of the multi-barrier approach (HealthCanada, 2020). An understanding of fecal contamination occurrence in source waters is
essential. It facilitates the selection of the best location with the highest-quality water for
drinking-water supply during the construction of water treatment plants. Besides, the
determination of the fecal concentrations in the source waters provides a basis for
establishing adequate treatment requirements to meet health-based targets within the water
safety plan (Ivey et al., 2006).
1.1.3

Monitoring Program Challenge and Limitation

Although E. coli is considered the most suitable indicator for recreational water monitoring
according to Guidelines for Canadian Recreational Water Quality, its measurement takes
18 to 24 h before results are available. However, water quality in nearshore regions can
change over a matter of hours (Boehm et al., 2002; Myers et al., 1998) so concentrations
may change between the time of sampling and the reporting of results. Unsafe conditions
are frequently announced late due to latencies in the E. coli measurement process. This
process results in issuing closures based on the previous day’s data rather than current
water conditions.
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Recent advances in molecular biochemistry, genetics, and imaging technology have set the
stage for newer and faster methods to complement or replace the growth-based approaches.
Developing rapid analytical methods such as quantitative polymerase chain reactions
(qPCR) with an average of two hours’ laboratory analytical time is a possible solution in
which more timely knowledge of water contamination issues would be available to help
prevent exposure-related illness. Although these methods may be operationally available,
they need higher analytical costs than slower culture-based methods (Setty, 2012). Also,
they require a site-specific evaluation before implementation (Campbell and Kleinheinz,
2020). Additional obstacles include requirements for equipment, laboratory and field
labour, and limitations in identifying potential sources of fecal pollution that can help with
management.
1.1.4

Source of Fecal Contamination

Microbial pollution in a lake can come from a variety of point and non-point sources
(Byappanahalli et al., 2015). These include storm drains and rivers, septic system failures,
point discharges of treated and untreated sewage, combined sewage overflow (CSO),
sanitary sewer overflows (SSO), domesticated animals (manure spreading), birds and
wildlife, and direct inputs from swimmers. The main source of fecal contamination in storm
drains and rivers are determined by the watershed land use. On the Canadian side of Lake
St. Clair, the land use is predominantly agricultural areas and in the western part of the
lake, Detroit City is located, hence, the main source of E. coli is urban sources such as
urban runoff from streets, sidewalks and parking lots (Molina et al., 2014).
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1.1.5

Modelling Approaches

Although monitoring for FIBs can be a solution for the detection of the pathogen, it is still
unfeasible to experimentally monitor their levels at the high spatiotemporal resolution
which is often required in real applications. Therefore, it is an increasingly necessary to
combine the FIB measurement with models. These models provide insights for
contamination and nutrient tracking (Leon et al., 2012), source tracking (Nevers et al.,
2015; Sokolova et al., 2012), nowcasting and real-time forecasting (Boehm et al., 2007;
Chan et al., 2013; Francy, 2009; Nevers and Whitman, 2005; Park et al., 2018), dispersion
and diffusion (Bonamano et al., 2015; Bravo et al., 2017; Thupaki et al., 2010; Valipour et
al., 2018), risk management (Hipsey et al., 2004; Thoe et al., 2015), and examination of
different scenarios (Gao et al., 2015; Ge et al., 2012; Vlazaki et al., 2019). Modelling of
FIBs could play vital roles in recreational and drinking water management. This includes
(i) identifying and quantifying dominant processes or parameters that control fecal
contamination dynamics (ii) helping to identify, quantify and track the major sources (iii)
assessing the likely impacts of anthropogenic activities on microbial water quality, (iv)
examining of different scenarios and natural events such as extreme rainfall, climate
change, future catchment management scenarios, etc., as well as in (v) providing a realtime decision-making platform that can be used to protect public health in bathing sites (de
Brauwere et al., 2014).
To predict FIB concentration in surface waters two different approaches and models are
commonly being used and applied: Statistical models (also known as data-based,
regression-based, empirical, or black-box models) and mechanistic models which are also
referred to as reactive tracer, process-based, deterministic, physics-based, physiological or
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causal models (de Brauwere et al., 2014; Gourmelon et al., 2010; Guisan and Zimmermann,
2000).
1.1.5.1

Statistical Models:

These models link environmental parameters such as rainfall, wind or sunlight and water
quality variables such as water temperature, turbidity etc. to FIB concentrations, mostly as
fecal coliforms or E. coli (Francy et al., 2013; Gourmelon et al., 2010; USEPA, 2010,
2016). In such models, rather than designing equations to reflect a conceptual
understanding of the system, the observational data are analyzed to find patterns and
relationships that can be used to make predictions, regardless of the causative processes
involved (Robson, 2014). They are also known as extrinsic models because any knowledge
or hypotheses about the inner structural connectivity of the system are not incorporated in
statistical or empirical models (Vlazaki et al., 2019).
Statistical models have been widely used in several studies globally to predict E. coli
concentration in swimming beaches (Dada and Hamilton, 2016; Feng et al., 2015; Francy
et al., 2013; Nevers and Whitman, 2011; Olyphant and Whitman, 2004; Simmer, 2016). In
the late 1990s The simplest type of model, namely Rainfall-based alerts, has been used by
communities for several years (Francy, 2009). Later, application of predictive models
based on variables such as water chemistry parameters and meteorological data are
proposed as alternatives or adjuncts to sampling to obtain more timely information (Nevers
and Whitman, 2011; S Francy et al., 2013; Simmer, 2016; Zhang et al., 2012). An increased
concern for the accurate characterization and forecasting of recreational water quality has
created the need for more sophisticated statistical models based on Artificial Neural
Networks (ANN) (Jin and Englande, 2006; Mavani et al., 2014), Wavelet (Zhang et al.,
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2018), Bayesian Networks (Bertone et al., 2019), and an ensemble of statistical models
with the mechanistic model (Hellweger, 2007).
1.1.5.2

Mechanistic Models:

Although statistical models are fast and flexible in the prediction of FIBs and easier to
develop with limited data and resources, their limitations include the inability to distinguish
between inputs or consider pollution reduction due to advection, transport, or microbial
decay rate to provide spatial and temporal distribution. This has spurred interest in
development of more realistic models that can describe the processes involved in fate and
transport of the nutrients, contaminations and microorganisms (Allan et al., 2018; Oveisy
et al., 2014; Paturi et al., 2015; Sokolova et al., 2012). In general, hydrodynamic models
provide a broad knowledge about the flow condition, current, water level and scalar mixing
by numerically solving the Navier–Stokes equations. Apart from being important in itself,
hydrodynamic models also provide a basis to simulate sediment transport, particle tracking
and also can be integrated with biochemical and ecological models that describe the fate of
microorganisms via the growth and decay of bacteria/viruses depending on environmental
conditions (light, temperature and sediment) (Gourmelon et al., 2010; Hipsey et al., 2008;
Trolle et al., 2012). Application of hydrodynamic and water quality models is widely used
for lakes, reservoirs, rivers, estuaries, and coastal zones to evaluate aquatic management
strategies (Romero et al., 2004; Zhang et al., 2017).
Hydrodynamic models have expanded from simplistic tidally averaged one-dimensional
models (Luo et al., 2018; Prokopkin et al., 2010; Romero et al., 2004) to fully threedimensional (3D) models that can resolve wetting and drying, wave-current interaction,
and sediment transport (Bocaniov and Scavia, 2018; Chen and Liu, 2017; Hipsey et al.,
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2004; Huang et al., 2010; Oveisy et al., 2014; Valipour et al., 2018). Various numerical
schemes have been used to solve governing equations of flow dynamics, of which finite
difference, finite element or finite volume approaches are the most popular ones (MartyrKoller et al., 2017). Finite difference methods, that use regular i.e., orthogonal or nonorthogonal curvilinear grids, are sometimes considered to have higher accuracy and
efficiency compared with finite element methods. However, unstructured meshes are more
suitable for irregular and more complex lake geometries and provide a better domain
resolution than regular grids (Martyr-Koller et al., 2017; Morales Marín, 2013). The finite
volume methods have advantages over both FDM and FEM as they have combined the
best attributes of finite differences (e.g. simple discrete computational efficiency) and
finite-elements (geometric flexibility) (Chen et al., 2003). Inclusion of increased
complexity and resolution that allowed for the development of more robust mixing
routines, higher-resolution domains, and inclusion of detailed circulation processes, has
been made possible by the increases in computational resources with time (Ganju et al.,
2016). Although mechanistic models require a significant investment of time and resources
for development, they are expected to be much more useful and cost-effective in the
planning, design, and implementation of long-term assessment and management strategies
for surface water resources (de Brauwere et al., 2014).
1.2

Thesis Objectives

The main objective of this dissertation was to develop predictive modelling tools for
microbial water quality in Lake St. Clair. The tools were then applied to simulate the
temporal change in microbial water quality and identify the relative contribution of major
contributing sources at selected public beach locations and drinking water intakes. The
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developed models are expected to be useful, complementary and cost-effective additions
to monitoring efforts in microbial source tracking, to help with better beach management,
reduce economic loss due to beach closures, and reduce risk to human health from drinking
water or recreational waters use.
The current dissertation is organized into seven chapters, five of which are original
standalone research contributions prepared for referred scientific literature, and presented
in Chapters 2 to 6. The dissertation begins with this chapter that provides the background
literature on the topic of this dissertation. Chapter 7 summarizes the findings from this
dissertation and its engineering significance. The references pertinent to each chapter are
listed at the end of the respective chapters.
1.2.1

Chapter 2

Sandpoint Beach is a popular public beach on Lake St. Clair in the City of Windsor,
Ontario, Canada. Recreational use advisories for the beach are currently issued based on
the microbial water quality (E. coli) levels in samples collected two days prior.
Complementing E. coli monitoring data with easily available or measurable weather and
water quality data to develop a near real-time (“NowCast”) predictive model for E. coli
using statistical techniques such as multiple linear regression (MLR) have shown
promising results (Dada and Hamilton, 2016; Feng et al., 2015; Francy, 2009; Francy et
al., 2013; Kato et al., 2019; Nevers and Whitman, 2005).
Using intensive (5 days per week) water quality and E. coli monitoring data collected by
the Windsor-Essex County Health Unit (WECHU) at Sandpoint Beach over five years
(2014 – 2018) during the summer months, the main aim of Chapter 2 was to conduct a
comprehensive assessment of the available data to develop and evaluate multiple MLR
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predictive E. coli models for Sandpoint Beach. Variables considered include a commonly
recorded qualitative weather sky condition information and varying training datasets,
which have previously not been included in such modelling efforts. A new approach for
integrating multiple performance criteria using Principal Coordinate Analysis (PCoA) for
a better and more holistic comparison of the performance of the MLR models for model
selection was developed and tested. This research has been accepted for publication in the
Journal of Environmental Quality.
1.2.2

Chapter 3

Lake St. Clair is receiving discharges from four major tributaries. While St. Clair River
dominates in terms of flow contribution (>98%), the other tributaries (Thames River,
Sydenham River and Clinton River) are expected to be a significant contributor to fecal
source microbial pollution. It is expected that these major tributaries dominate the
microbial water quality of Lake St. Clair but there is less understanding about their extent
and potential area of their influence. The impact of these major tributaries on microbial
water quality of lake St. Clair was investigated in Chapter 3. Although there have been
some studies that examined hydrodynamic and/or nutrient transport modelling (Anderson
et al., 2010; Bocaniov and Scavia, 2018; Healy et al., 2007; Holtschlag and Koschik, 2002),
to the best of our knowledge there is no study on 3D microbial water quality modelling for
Lake St. Clair.
The main objective of Chapter 3 was to evaluate the contributions of major tributaries to
fecal microbial pollution of Lake St. Clair and Sandpoint Beach, located on the southern
shore. A set of hydrodynamic models with different resolutions, varied from 400 m to 100
m and a nested model with 50 m uniform grid size, were developed and compared using
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Aquatic Ecosystem Model (AEM3D) framework. High-resolution 3D hydrodynamic
models were developed and validated with field measurements of water temperature and
velocity profiles. E. coli was modelled as a tracer. Microbial water quality of Lake St. Clair
was assessed using backward particle tracking, water age analysis, and study of the
potential area of influence. The research has been published in the Journal of Great Lakes
Research.
1.2.3

Chapter 4

Lake St. Clair is a source of drinking water to more than 4.5 million people in both the US
and Canada. Grosse, Mount Clemens, New Baltimore and Ira Township water treatment
plants (WTPs) supply drinking water to residents in the US, while Lakeshore and Stoney
Point WTPs supply drinking water to residents in Canada. To be able to prevent waterborne
disease outbreaks caused by fecally contaminated drinking water, an accurate assessment
of the contribution from different sources to the total fecal contamination at the raw water
intake of a drinking water treatment plant is needed (Sokolova et al., 2013). Despite its
importance, a comprehensive evaluation of potential sources of fecal contamination and
their impacts on drinking water sources in Lake St. Clair is currently lacking. AEM3D
modelling framework has the capabilities that can allow for a time-dependent inactivation
rate based on temperature, solar insolation and water chemical properties- provided data is
available to parameterize the decay model. In Chapter 4 the influence of the four major
tributaries (St. Clair, Thames, Clinton, and Sydenham rivers) on the temporal and diurnal
microbial water quality at six drinking water intakes was studied. The fate of E. coli was
modelled using two approaches, i) constant decay rate based on average conditions, and ii)
variable decay rate based on water temperature and solar radiation.
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1.2.4

Chapter 5

Eight small but seasonally significant tributaries of widely varying drainage areas and
hydrologic features discharge into Lake St. Clair along the southern shores. The flow and
pollution load from these small tributaries are expected to be negligible in the context of
the larger lake, and therefore have been ignored or not have been studied comprehensively
in previous hydrodynamic and water quality modelling studies of Lake St. Clair (Anderson
et al., 2010; Bocaniov and Scavia, 2018; Healy et al., 2007; Holtschlag and Koschik, 2002;
Madani et al., 2020). Chapter 5 focuses on the impact of these local tributaries on the
southern edge of the lake. The hydrodynamic component of AEM3D which was developed
in Chapters 3 and 4, is coupled with the Computational Aquatic Ecosystem DYnamics
Model (CAEDYM) water quality modules to simulate E. coli concentration in lake-wide
and in the southern shoreline of Lake St. Clair. The relative contribution of the eight small
tributaries to E. coli concentration and to flow (defined as the relative quantity of water
received from each tributary) and the area of their influence along the southern edge of
Lake St. Clair on the microbial water quality was studied during summer 2016.
1.2.5

Chapter 6

Chapter 5 results showed that in the nearshore region of approximately ~40 km stretch
along the southern shore where the eight tributaries discharge, the contribution of the small
tributaries to the E. coli concentration was quite different and dominated by one or more
of the eight small tributaries. There are reasonable pieces of evidence from our earlier
studies to expect that Belle River contributes significantly to the load of E. coli delivered
to the nearshore of Lake St. Clair. However, there has been a little advance over earlier
work in understanding the temporal and spatial degree to which contamination from Belle
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River contributes to the level of fecal indicator bacteria observed in Lakeview Park Beach
and Lakeshore water treatment plant intakes.
Due to the presence of the Marina which is protected by two breakwaters in the west and
east side at the immediate adjacent of the Belle River, the geometry of the location is
complex. Complex bathymetry and geomorphic layout have a noticeable effect on the
hydrodynamic (flow circulation) and contamination transport, thus should be represented
with an appropriate computational mesh (Ganju et al., 2016). A model with an unstructured
grid is preferred over the uniform grid because it can accurately resolve the bathymetry in
the complex shoreline without the need to build fine grids to the overall domain and hence
it has a computational advantage over regular grids (Chen et al., 2003; Martyr-Koller et al.,
2017).
The main objective of Chapter 6 was to develop an unstructured high-resolution model
(mesh size of about 50-800 m) using the TUFLOW-FV framework and coupled with the
pathogen module from Aquatic Eco-Dynamics model (AED2+). This model was used as
the base for boundary condition of a nested model with a mesh resolution between 5-10
meters at a zone stretching 4 km alongshore and roughly 2 km onshore-offshore around
Belle River mouth. The relative contribution of the Belle River to the microbial water
quality at Lakeview Park Beach and Lakeshore water treatment plant was assessed. Several
scenarios that reflect the condition during the simulation period (summer 2016) and the
recent change in the beach area, construction of a 150-meter jetty, were examined and
compared.
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CHAPTER 2 EVALUATING MULTIPLE PREDICTIVE MODELS FOR BEACH
MANAGEMENT AT A FRESHWATER BEACH ON LAKE ST. CLAIR
IN THE GREAT LAKES REGION1
2.1

Chapter Synopsis

Recreational water quality is currently monitored at Sandpoint Beach on Lake St. Clair
using culture-based enumeration of Escherichia coli (E. coli). Using water quality and
weather data collected over four years, several multiple linear regression (MLR)-based
models were developed for near-real-time prediction of E. coli concentration and were
tested using independent data from the fifth year. Model performance was assessed by the
determination of metrics such as root mean square errors, accuracy, specificity, sensitivity,
and area under the receiver operating characteristic curve (AUROC). Each of the developed
MLR models described herein resulted in increased correct responses, for both exceedance
and non-exceedance of the applicable standard, as compared to predictions based on E. coli
measurements (persistence models; using the previous day’s E. coli concentration) which
is the current method being used. AUROC values for persistence models are between 0.5
– 0.6, as compared to >0.7 for all the MLR models described herein. Among the MLR
models, model performance improved when qualitative sky weather condition, which is
commonly reported but not previously used in similar models, was included. To select the
best model, a principal coordinate analysis was used to combine multiple model
performance metrics and provide a more sensitive tool for model comparison. While
models developed using two, three, and four years of monitoring data provided reasonable

1

This Chapter was accepted to publication in Journal of Environmental Quality: Madani, M. and Seth, R.
(2020), Evaluating multiple predictive models for beach management at a freshwater beach on lake St. Clair
in the great lakes region. J. Environ. Qual., Accepted Author Manuscript https://doi.org/10.1002/jeq2.20107

20

Evaluating Multiple Predictive Models for Beach Management at a Freshwater Beach on Lake St. Clair in the Great Lakes Region

performance, the model developed using the most recent two-year data was marginally
better. Thus, data from the most recent two years is likely sufficient as a training dataset
for updating the MLR model for Sandpoint Beach in the future.
2.2

Introduction

Annually, more than 120 million cases of gastrointestinal disease and more than 50 million
cases of respiratory diseases are reported globally that are caused by swimming in waters
contaminated with pathogenic fecal bacteria and viruses originating from domestic
wastewater sources (Shuval, 2003). Furthermore, swimming beach closures can have
substantial financial impacts. Annually, an estimated $11.3M to $117M USD in revenues
are lost from Great Lakes recreational swimmers for those days when swimming is
prohibited in error (Rabinovici et al., 2004). To protect bathers from swimming in polluted
waters, microbial water quality is typically monitored using fecal indicator bacteria (FIB)
such as Escherichia coli.
Although E. coli is considered the most suitable indicator organism for recreational water
quality monitoring according to Guidelines for Canadian Recreational Water Quality
(Health-Canada, 2012), its measurement using culture-based methods requires 18 to 24
hours before results are available. At beaches where high FIB levels are typically seen to
persist for a day or longer, the use of the results for the following day based on this
“persistence model” may be valid (USEPA, 2010). The persistence models regulate today’s
swimming condition with the previous day’s E. coli measurement. However routine
monitoring of FIB levels at most beaches is only conducted once per week. In addition,
water quality at many nearshore waters next to beaches has been shown to change over a
matter of hours (Boehm et al., 2002; Myers et al., 1998) so bacterial concentrations may
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change between the time of sampling and the reporting of results even for the next day.
Thus, the microbial safety of water for recreational use often cannot be determined in a
timely manner using the “persistence model”. Better solutions are needed that can provide
near-real-time estimates (“NowCasts”) to beachgoers within a few hours of sample
collection (typically 4 hours or less; the shorter the better).
Newer rapid analytical methods (such as quantitative real-time Polymerase Chain Reaction
(PCR), or qPCR) are being pursued as a possible approach to address this problem
(Byappanahalli et al., 2018). However, challenges such as the high cost of establishing and
operating analytical laboratory techniques, and the sophistication and technical challenge
of new procedures relative to current culture-based methods must be overcome before such
methods could become feasible alternatives (Dorevitch et al., 2017; Griffith and Weisberg,
2011). Modelling, in conjunction with laboratory experiments and field observations, can
provide an alternative method to improve our understanding of the fate and transport of
pathogenic contaminants in waterways and provide predictive decision-making support for
effective public health management (Pachepsky et al., 2018).
An approach that has shown promising results is to use collected FIB monitoring data and
complement them with common weather data and easily measurable water quality data to
develop a predictive NowCast model to predict future FIB levels using mathematical
techniques such as logistic regression (Aranda et al., 2015; Thoe et al., 2014), classification
tree (Thoe et al., 2015a), physical descriptive models (He et al., 2016), machine learning
(Park et al., 2018), and multiple linear regression (MLR) (Dada and Hamilton, 2016; Feng
et al., 2015; Francy, 2009; Kato et al., 2019; Nevers and Whitman, 2005). More recent
applications of MLR models have successfully improved model predictions for inland
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recreational lakes (Bedri et al., 2016; Dada and Hamilton, 2016; Francy et al., 2013b;
Nevers and Whitman, 2005; Nevers and Whitman, 2011; Olyphant and Whitman, 2004;
Shively et al., 2016), coastal beaches (Boehm et al., 2007; Thoe et al., 2012) and reservoirs
(Francy et al., 2013b) by including other water quality and hydro-metrological parameters
that are easily or routinely measured, as well as by using better model optimization
techniques made possible by advancements in computing.
MLR models are unique and must be developed specifically for each location to which
they will be applied. Given the differences in data availability and the multitude of water
quality and hydro-metrological parameters that may be relevant in each scenario, further
learning and improvement in MLR models may still be possible through new applications.
Quantitative weather-related variables such as wind speed, wind direction, wave height,
Julian day and barometric pressure available from local weather monitoring stations have
been routinely observed to be significant factors in MLR based predictive models for E.
coli concentration at recreational beaches (Francy et al., 2013b; Thoe et al., 2014).
Commonly recorded qualitative weather sky condition information (e.g., clear, cloudy,
rainy) is widely reported but has not been included in such modelling efforts.
A minimum of two years of daily monitoring data with 100 or more data points is
recommended as a training set for the development of MLR-based models (Francy et al.,
2013b; USEPA, 2010). The benefit of developing models with varying training sets
produced by data from longer monitoring periods has not been investigated. For testing
and comparing model performance using a testing dataset, various statistics such as
adjusted R2, model accuracy (is the percentage of correct advisory predictions), sensitivity
(percent correct exceedances or true positive), and specificity (percent correct non-
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exceedances or true negative) have been used (see Appendix 2-1). While model sensitivity
has the greatest implications for public health, the other statistics are also useful measures
of model performance to consider when assessing the merits of posting beach advisories.
Sandpoint Beach is a popular public beach on Lake St. Clair in the City of Windsor,
Ontario, Canada. The Windsor-Essex County Health Unit (WECHU) collected intensive
(5 days per week) water quality and E. coli monitoring data at Sandpoint Beach over five
years (2014 – 2018) during the summer months to aid in the development of statistical
models.
The study described herein had four objectives. The first objective was to use the E. coli
data collected over four years (2014 – 2017) and weather data provided by local weather
stations over the same period to develop MLR-based NowCast models to predict microbial
water quality (E. coli concentration) at Sandpoint Beach. Data and their transformations
selected for use in MLR model development were selected based on best practices
established in the literature (Francy et al., 2013a; Francy and Darner, 2006; USEPA, 2016).
This includes identifying the potential explanatory variables and their transformations,
creation of new variables, model evaluation and model selection. The second objective was
to develop and compare the performance of MLR models that either include or do not
include qualitative sky weather information commonly reported by weather stations. The
third objective was to develop and compare the performance of MLR models using training
datasets collected over 2 to 4 years from 2014 to 2017. The fourth objective was to examine
the usefulness of the Principal Coordinate Analysis (PCoA) for a better and more holistic
comparison of the performance of the MLR models developed using an independent testing
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dataset (collected in 2018). The developed MLR models were also compared against two
persistence models which represent the incumbent methodology.
2.3
2.3.1

Methods
Study Site:

Lake St. Clair is a 1,110 km2 freshwater lake in the Lake Huron to Erie corridor in the
Great Lakes Basin. It has several public beaches and access points in both the United States
and Canada that are relevant for public health impact through recreational water use.
Sandpoint Beach in Windsor, Ontario, Canada is located on the southern edge of Lake St.
Clair (Figure 2-1). It is a popular beach for recreational use during the summer months for
around 400,000 residents in the Windsor-Essex Region. Windsor is located at the same
latitude as Northern California and it is the most humid city in the region. The average
daily temperature reaches above 10 °C for about 200 days of the year. The warmest month
of the year is July, with an average temperature of 22.3 °C during the study period (20142018). Precipitation is distributed throughout the year, though more tends to fall during the
summer months with a mean and maximum monthly rainfall of 90 mm and 179 mm
respectively. The safe E. coli limit for swimming and bathing at freshwater beaches in
Ontario, set by the Ontario Ministry of Health, was updated to a geometric mean
concentration of ≤ 200 colony-forming unit (CFU)/100 ml in 2018. Previously the limit
was 100 CFU/100 ml (OMHLTC, 2018). Frequent exceedances of this threshold have been
reported for many beaches in the Windsor-Essex Region, including Sandpoint Beach
(McPhedran et al., 2013).
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2.3.2

E. coli and Water Quality Data:

The WECHU collected water quality and E. coli monitoring data five days per week from
Sandpoint Beach over five years during the summer months (2014 – 2018) to aid in the
development of statistical models. Water samples were collected at five locations (1 point
per ~35 meters) and analyzed for E. coli content within 4−6 hrs after collection in the
laboratory using the Ontario Ministry of Health and Long-Term Care guidelines using
membrane filtration method (OMHLTC, 2018). From 2014 to 2018, there were 65, 58, 63,
54, and 64 days of sampling each year respectively. Five samples were collected per day
and the geometric mean E. coli concentration was calculated and reported. Values of 10
and 1000 were used in the calculation for results reported as <10 CFU/100 ml and > 1000
CFU/100 ml respectively. There was no reported value of less than 10 CFU/100 ml but 29
out of 240 values (12.1%) during the training period (2014-2017) and 7 out of 64 values
(11%) during testing (2018) was reported as 1000 CFU/100 ml. More information about
the censored data is included in Appendix 2-4. Water temperature was also measured at the
site for every sample, and a randomly selected sample was analyzed in the laboratory for
turbidity using Hach 2100Q portable turbidimeter.
To check the similarity of the data of each year, analysis of the variance (ANOVA) was
used followed by Student-Newman-Keuls post-hoc test to check their differences in means,
similar to Whitman and Nevers (2008). Also, non-parametric Mann-Kendall trend tests and
Durbin–Watson tests were performed to find a trend and autocorrelation behaviour among
the data respectively. Mann-Whitney test was used to compare daily E. coli values of each
month with data from the other months. The critical p-value was set at 0.05.
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Figure 2-1: Map of Lake St. Clair and study site in Sandpoint Beach (green triangle). Location
of Windsor Airport Station, 14 gauging stations, and moorings locations are identified by the
red circle, black stars, and pentagon symbols respectively.
2.3.3

Metrological and Environmental Data:

Quantitative and qualitative hourly weather condition data were obtained from the nearest
Environment Canada stations, including Windsor Airport (Station ID=4716 and 52838),
buoy 45147 (42.430 N 82.680 W), and National Data Buoy Center (NDBC) weather
stations (CLSM4 (42.471 N 82.877 W) (http://www.ndbc.noaa.gov/) in the middle and east
part of Lake St. Clair (see Figure 2-1). Data included air temperature ( C ), daily rainfall
(mm), and hourly measurements of wind speed (m/s), wind direction (degree), and wave
height (m). 15-minute time interval rainfall data were obtained from Windsor’s 14 gauging
stations across the city (see Figure 2-1). Data collected at each station was converted to
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hourly rainfall and averaged across all the stations. Hourly qualitative data based on their
definition (see: http://climate.weather.gc.ca/glossary_e.html) were recorded at Windsor
Airport station. For example, sky condition reflects the observation of total cloud amount,
and is reported as the amount (in tenths) of cloud covering the dome of the sky, and is
categorized as “Clear” (0 tenths), “Mainly clear” (1 to 4 tenths), “Mostly cloudy” (5 to 9
tenths), and Cloudy (10 tenths). In the case of precipitation, any form of water (liquid or
solid) that falls from clouds is classified as drizzle, rain, moderate rain, heavy rain, snow,
snow pellets, and thunderstorm. This information provides an hourly qualitative
description of the weather and sky conditions in the region.
2.3.4

Persistence Models:

The WECHU conducts beach water quality monitoring at nine public beaches at least once
each week (on Mondays) from June to September to assess the bacterial (E. coli) counts in
the water and compare the results with provincial standards. Geometric mean < 200
CFU/100 ml indicates a low health risk and the beach is open, while anything greater than
200 and up to 999 poses a possible risk and swimming is not recommended. Closures are
issued for beaches that have E. coli levels ≥ 1000 CFU/100 ml, and the beach water is
resampled on Thursday of the same week. Beach water quality results from Monday’s
sampling are updated every Wednesday during the summer. If the beach was resampled,
results are made available by the end of Friday to enable the opening of the beach over the
weekend if the levels drop to within acceptable range. Based on the current monitoring
approach described above, a simple model termed the “persistence model #1” was
developed and used as the baseline for application of the predictive models to the current
situation (Shively et al., 2016). In this model, E. coli concentration from Wednesday to
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Monday is assumed to be the value reported on Wednesday (for the sample collected on
Monday), unless the beach is resampled in between. To demonstrate the importance of
predictive models and compare them to monitoring programs that only rely on
measurements, another model based on the previous day’s E. coli was developed. In this
model (termed “persistence model #2”), results from samples collected five days a week
(Monday to Friday) were used, as were available for the data used in the current study. As
it takes two days for the results to be prepared and reported to the public, E. coli values as
per this method are assumed to be the same as two days ago, or the most recent reported
value. This model can be expressed mathematically as:
M i 2 i  3  7
Yi  
 M 5 i  1, 2

(1)

where Yi and M i are the modelled and measured E. coli concentrations of day i
respectively and where the value in subscript represents the day of the week, numbered
from 1 (Monday) to 7 (Sunday).
2.3.5

MLR Model Descriptions

The MLR model for predicting E. coli concentrations can be expressed as:
n

log10 Ecoli  o   iVi  

(2)

i 1

where log10 Ecoli is the log10-transformed E. coli concentration, n is the number of
explanatory variables, Vi and

 are i th explanatory variable and corresponding regression

coefficient respectively, and  is the residual error. E. coli data used in model development
were log10-transformed before model development to meet parametric assumptions of
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equality of variances and normal distribution over the wide range of expected values
(Francy et al., 2013b). Based on available water quality and meteorological data and the
review of related literature (Bedri et al., 2016; Brooks et al., 2016; Dada and Hamilton,
2016; Feng et al., 2015; Nevers and Whitman, 2011; Thoe et al., 2014; USEPA, 2010), the
following is the list of explanatory variables chosen for MLR model development. For
water quality and beach condition parameters: number of birds (NBirds), day of the year
(DOY), turbidity (Turb), water temperature at the time of sampling (Wtemp), and for
meteorological data: Rain combined based on 8h, 12h, 24h, 48h and 72h antecedent
cumulative rainfall (RainCombine), 10 hours’ antecedent wind direction (WDRanked), 10
hours’ antecedent wind speed and its components parallel and perpendicular to the
shoreline (WSPAVec and WSPOVec respectively), daily air temperature (Atemp), and
wave height (WaveH). Detailed descriptions of data and variables are presented in
Appendix 2-2. Multi-collinearity between some variables, such as wind speed components,
is expected and was avoided during the model selection process.
Water quality parameters and meteorological data were not transformed. These parameters
were considered for MLR M series (M1 to M5; Table 2-1) models. In addition to the
meteorological data stated above, additional qualitative weather information in the form of
categorical sky conditions and atmospheric phenomena are commonly reported in Canada
as per the recommended standards set by the World Meteorological Organization (WMO)
(ECCC, 2019). In addition to the parameters considered for the M models, the qualitative
weather parameter (WeatherRank) was included for the development of MLR W series
(W1 to W5; Table 2-1) models. To create this explanatory variable out of qualitative data
and use them to construct MLR W series models, a genetic algorithm along with one-hot
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encoding approach was applied, as follows. First qualitative weather data are classified into
ten unique categories. Quantitative data that can be used for the building of MLR models
were generated using one-hot-encoding. It returns a vector for each unique entries of the
categorical data. Each vector contains only one ‘1’ while all other values in the vector are
‘0’. A computer code was written in MATLAB (Mathworks, Natick, MA) to use a genetic
algorithm along with a one-hot encoding approach to develop and select the best MLR
model under a given set of conditions. Population selection was based on stochastic
uniform function. Crossover and mutation rates were kept as default values of 0.8 and 0.01
respectively. Optimization was terminated when the average change in the fitness value
was less than 10-6. More details about the preparation of qualitative weather data and model
building are presented in Appendix 2-3. Significance was set at P = 0.05 unless otherwise
stated.
The best model was selected based on criteria that maximized the R2 value, minimized the
root mean square error (RMSE), and minimized Akaike’s Information Criterion (AIC).
Five M and W MLR models were established using different training periods: 2014-2015
(M1 and W1), 2014-2016 (M2 and W2), 2014-2017 (M3 and W3), 2015-2017 (M4 and
W4), and 2016-2017 (M5 and W5). Monitoring data from the year 2018 was used for model
testing and comparison. In addition, to isolate and directly evaluate the value added by the
qualitative weather data to the MLR models, we built MW series models with the same
architecture as the M series models except that the qualitative weather data was added as
the 8th variable.
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2.3.6

Model Selection and Metrics:

Model building was limited to seven variables (see Appendix 2-5). To create the best
model, an exhaustive search (all possible combinations through all variables) was
performed (Feng et al., 2015). Thus with 17 variables, we ended up with 19,448 models
for M series. Inclusion of qualitative weather data, as the 18th variable, added 12,376 W
series models. Model performance was examined by determination of metrics such as R2,
RMSE, AIC, accuracy, sensitivity (ability to predict E. coli exceedances of 200 CFU/100
ml or true positive), and specificity (ability to predict E. coli lower than the threshold of
200 CFU/100 ml or true negative). Each model was checked for multi-collinearity based
on the Variance Inflation Factor (VIF) as suggested by Cyterski et al. (2013). Any model
containing an explanatory variable with a high degree of correlation with others (as
measured by a large VIF value > 5) was removed from consideration during model
selection (See Appendix 2-6). For model performance, both sensitivity and specificity are
important. By plotting the true positive rate (sensitivity) against its false positive rate (1 specificity) for a given model, known as receiver operating characteristic (ROC) curve, a
single value for its area under the ROC curve (AUROC) can be obtained (Morrison et al.,
2003). The advantage of AUROC (as opposed to simply reporting specificity and
sensitivity) is that the AUROC is independent of the decision threshold. The AUROC
values vary between 0 – 1. A model with AUROC of less than 0.5 indicates reciprocal
classification (i.e., suggests below when actually above and vice-versa), which should be
corrected. An AUROC equal to 0.5 (i.e. coinciding with the diagonal) shows a random
classification model. Models with AUROC of 0.5 – 0.6 are considered a fail, 0.6 – 0.7
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considered poor, 0.7 – 0.8 considered good, 0.8 – 0.9 considered very good, and 0.9 – 1
considered excellent (Holtschlag et al., 2008; Tape, 2007).
In this study, AUROC values were used for comparing the performance of different
models. AUROC is independent of the decision threshold and therefore has an advantage
over the traditional approach of reporting specificity and sensitivity. However, AUROC
did not take into account all aspects of model performance evaluation such as R2, R2adjusted, and RMSE. Thus, in addition to AUROC analysis, a more comprehensive
comparison of the models using PCoA was conducted. Chi-squared distance is used to
generate the dissimilarity matrix. The analyses and plots were performed using a selfwritten MATLAB script and we used XLSTAT trial version (https://www.xlstat.com/en/)
to check for the accuracy of the code in performing PCoA analysis. Detailed description of
this analysis is presented in Appendix 2-9.
2.4
2.4.1

Results and Discussion
E. coli Trend Analysis

Figure 2-2 shows a descriptive plot of the E. coli concentration during the training (20142017) and testing period (2018). Results from ANOVA and Student Newman Keuls post
hoc test show that E. coli data are significantly different in means, with a trend decreasing
from 2014, when there was a high mean, to 2017, when the mean and median E. coli data
were both low (see Figure 2-2c).
In addition, E. coli data for year 2017 had the lowest spread, while 2014 data had the
highest. During the training period 2014-2017, out of 240 daily values, there were 131 E.
coli exceedances greater than 100 CFU/100 ml (~ 54.6%), 87 exceedances greater than 200
CFU/100 ml (~ 36.2%), and 29 E. coli exceedances greater than 1000 CFU/100 ml
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Figure 2-2: E. coli data from the 2014-2017 training period and the 2018 testing period: a) 5day per week samples b) monthly average c) box plot that shows median (red line) and
geometric mean (black dot inside a blue circle, and error bar), and spread of the data (the bottom
and top edges of the box indicate the 25th and 75th percentiles, respectively. Whiskers ('+'
symbol) show the most extreme data points not considered outliers. Green and red dotted lines
in a) show the safe limit for E. coli concentration according to the Ontario Ministry of Health
(~12.1%) (see Figure 2-3a). Non-parametric Mann-Kendall trend tests reveal that there is
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no trend in the time series (Figure 2-2a) and monthly mean data (Figure 2-2b) (P value of
0.28 and 0.32 respectively). Additionally, Durbin–Watson statistic reveals that selected
variables were not auto-correlated. These checks are important as they help ensure the

Figure 2-3: E. coli variation with a) month of the year and b) combined rainfall range during
the training period 2014-2017. Points are laid over a 1.96 standard error of the mean (SEM)
(95% confidence interval) in orange and a 1 standard deviation (SD) in the purple area. The
horizontal bar chart in a) shows the distribution of the E. coli data and frequency of occurrence
(%). Green and red dotted lines show the safe limit for E. coli concentration according to the
Ontario Ministry of Health.
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serial-correlation condition is met and the data is suitable for MLR analysis (Boehm et al.,
2007; Ge and Frick, 2007).
The monthly variation of E. coli for the period of 2014-2017 is shown in Figure 2-3a.
Although the spread of data for all months is very similar, results from the Mann-Whitney
test reveal that July month E. coli data is significantly higher than June, August and
September (p = 0.001, p = 0.02 and p =0.017 respectively). A trend of increasing combined
rainfall amount from past 8, 12, 24, 48, and 72 hours can be observed in Figure 2-3b. A
combined value of 50 mm or higher is strongly correlated with the exceedance of E. coli
data from 200 CFU/100 ml.

Table 2-1: Performance, statistics, and accuracy of the statistical MLR models without qualitative
weather information (M series), MLR models with qualitative weather information (W series), and
persistence models (PM#1 and PM#2) developed. The information shown in every model is from
the testing year 2018.
Name

Training
Period

TP*

TN†

FP‡

FN⁂

R2

R2Adj

RMSE

AIC

Accu.

Specif.

Sensit.

AUROC

M1

2014-2015

11

33

8

12

0.225

0.213

0.292

187

69

80

48

0.73

M2

2014-2016

9

32

9

14

0.102

0.088

0.346

273

64

78

39

0.73

M3

2014-2017

7

37

4

16

0.065

0.050

0.251

363

69

90

30

0.70

M4

2015-2017

9

37

4

14

0.071

0.056

0.341

240

72

90

39

0.72

M5

2016-2017

10

37

4

13

0.129

0.115

0.342

151

73

90

43

0.75

W1

2014-2015

18

30

11

5

0.173

0.159

0.380

176

75

73

78

0.78

W2

2014-2016

17

33

8

6

0.137

0.124

0.384

257

78

80

74

0.78

W3

2014-2017

16

32

9

7

0.182

0.168

0.391

334

75

78

70

0.76

W4

2015-2017

15

32

9

8

0.098

0.084

0.449

232

73

78

65

0.77

W5

2016-2017

16

34

7

7

0.128

0.114

0.416

142

78

83

70

0.79

PM#1

-

9

26

10

19

0.001

-0.017

0.620

-

54

72

32

0.57

PM#2

-

6

27

12

17

0.021

0.004

0.614

-

53

69

26

0.53

*

TP: True positive; when the modelled and observed E. coli levels are both above the bathing water standard (BWS) of 200 CFU/100 ml
†
TN: True negative; when the modelled and observed E. coli levels are both below the bathing water standard (BWS) of 200 CFU/100 ml
‡
FP: False positive; when the modelled E. coli levels are above BWS but the observed E. coli levels are below BWS. (Type I error)
⁂
FN: False negative; when the modelled E. coli levels are below BWS but the observed E. coli levels are above BWS. (Type II error)
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2.4.2

MLR Model Testing and Comparison

The two simplistic persistence models (PM) – #1 and #2 – only use the E. coli monitoring
data. Results presented in Table 2-1 show that the AUROC values for PM 1 and 2 are
between 0.5 – 0.6, as compared to >0.7 for all the MLR models developed. RMSE obtained
by all the MLR models range from 0.29 – 0.44 log CFU/100 ml, which is lower than or
within the range of 0.4 – 0.5 log CFU/100 ml for MLR models reported in a review by
Thoe et al. (2014). Thus, all the M and W series MLR models developed have lower RMSE
compared to persistence models 1# and #2 with RMSE 0.62 and 0.61 log CFU/100 ml
respectively. For the M series MLR models (without the qualitative weather data), the best
AUROC value of 0.75 was obtained with the M5 model that used the most recent two years
(2016-2017) preceding the testing year 2018 as the training period. AUROC values ranging
between 0.70 – 0.73 for the remaining M models (M1 – M4) were also good and had
relative standard deviations (RSD) of 2.7%, a value not far off from that of the M5 model.
Including the qualitative weather data, higher AUROC values ranging between 0.76 – 0.79
were observed for W1-W5 models. The highest AUROC value of 0.79 was again obtained
with the model (W5) that used the most recent two years (2016-2017) preceding the testing
year 2018 as the training period. False positives or false negatives are site-specific and
often also related to the number of exceedances observed. For instance, Francy et al. (2003)
reported false positive and negative values for six Ohio beaches in the range of 0-27.4%
and 2.6-26.3% respectively. During the training period, false positives and negatives in the
current study were within the range for both the M series models (6.3-14.1% and 18.8-25%
respectively), as well as the W series models (10.9-18.8% and 7.8-12.5% respectively).
More detailed discussion on false positive and false negative results is presented in
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Appendix 2-11. According to Table 2-1, the number of Type II errors (or false negatives)
in all the W series models (between 5 to 8 cases) is lower than M series models (between
12 to 16 cases). Figure 2-4 shows the Type I and II errors for the W5 model with both the
training (2016-17) and testing (2018) datasets. During the training period, there were more
Type II and Type I errors (20 vs. 6), whereas during the testing period they were even. That
is probably because of the unbalanced number of observations that fall in the two categories
of lower and higher than 200 CFU/100 ml. Out of 117 values in the training period of
model W5, 87 values (~ 75%) are lower than 200 CFU/100 ml. During the testing period,
the data is more balanced (~ 64% are lower than 200 CFU/100 ml). The relatively few
Type I and II errors for the model explain the high AUROC value observed. As with the
M series models, with relative standard deviation (RSD) of 1.2%, the AUROC values for

Figure 2-4: Observed vs predicted log10- E. coli concentrations of model W5. a) shows the training
and b) shows testing observation vs model and status of false positives (Type I error), false
negatives (Type II error), and the exceedance and non-exceedance based on the threshold of 200
CFU/100 ml E. coli concentration (blue dash line).
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the other W series models (W1 – W4) were not much different from the W5 model.
However, the higher AUROC values observed for the W series models as compared to the
M series models were statistically significant (Mann-Whitney test, P = 0.012).
MW series models were obtained by adding the qualitative weather parameter as the eight
variable to the M series models, and their performance was compared with the M series
models for a direct assessment of the value of adding the qualitative weather parameter.
Details of the comparison are presented in Appendix 2-7. Results show that in 100% of the
models for R2, 98-100% models for RMSE, and 91-100% for AIC, the addition of
quantitative weather data improved model performance as compared to the corresponding
M series model with similar model architecture.
Similarly, models with similar model structure but different training period were compared
for both the M and W series models. Details of the comparison are presented in Appendix
2-8. For the M-series, models built with 2 years of data in training period (2016-2017),
showed higher R2, lower RMSE, and lower AIC than the corresponding models built with
3-(2015-2017), and 4-(2014-2017) years, for 87.7%, 96.1%, and 100% of the models
respectively. Similar results were observed with the W series models where models built
with 2 years’ data (2016-2017), showed better performance measured by higher R2, lower
RMSE, and lower AIC than the corresponding models built with 3- (2015-2017), and 4(2014-2017) years, for 99.9%, 100%, and 100% models respectively.
While AUROC values are important indicators of model performance, comparing model
performance including the other metrics presented in Table 2-1 should yield even better
results. Such a comprehensive comparison can be made possible using PCoA, and the
results of the MLR and persistence models developed in this study are compared and
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presented in Figure 2-5. Point X on the graph represents the ideal model with 100%
accuracy (R2, sensitivity, specificity and AUROC equal to 1 and RMSE = 0). The shorter
the distance between “X” and the developed model, the better the model is.
It is clear from Figure 2-5 that the conclusions drawn from PCoA are very similar to those
based on the AUROC values in Table 2-1. Both the persistence models are located farther
than the M and W series models from the “X”, and thus have the lowest predictive

Figure 2-5: Principal Coordinate Analysis (PCoA) of the different models’ performance. MLR
M series are depicted as red circles, MLR W series are plotted as blue squares and persistence
models are depicted as green triangles. The ellipses show the cluster of the models and the star
inside each ellipse shows the mean of all the models in that cluster.
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capability. Importantly, all the W series models have better predictive capability than any
of the M series models except for M1 and M5 that show more similarity to the ideal model
compared to W1 and W4. This shows that the inclusion of the qualitative weather data
significantly improved the predictive capability of the model. Among the W series models,
although the AUROC values are similar, the W5 model does emerge as the superior model
as compared to the others (W1-W4 models).
For the W series models, the W5 Model had the highest AUROC value at 0.79 and thus
was deemed to be the best model. However, two other models (W1 and W2) had very
similar AUROC values at 0.78. PCoA analysis using AUROC values as well as other
metrics such as R2, sensitivity, specificity, and RMSE still showed W5 to be the best model
based on the shortest distance from the ideal model (Figure 2-5). This shows that PCoA
analysis using AUROC and other metrics used in the current study may be a more sensitive
and thus better tool for model comparison than AUROC values alone. For instance,
comparing the W5 Model with the best M series model (M5), the AUROC value improved
from 0.75 to 0.79, but PCoA clearly separated the two models. As another example,
according to AUROC, M1 is much lower than W1 however, PCoA analysis shows that
including all the parameters into account M1 performed better than W1. While model
specificity was slightly lower (83% as compared to 90%), model sensitivity for the W5
Model (70%) was much higher than that of the M5 Model (43%). Furthermore, in the PCoA
graph, model W5 and W1 are located far apart which means they are not as similar as they
are presented based solely on the AUROC results in Table 2-1.
The most significant explanatory variables in the five W series models were compared, and
the results are presented in Appendix 2-10. Six variables (qualitative weather data
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(WeatherRank), wind direction (WDRanked), wave height (WaveH), wind speed moving
perpendicular to the shoreline (WSPOVec), air temperature (Atemp), and turbidity (Turb))
were common among three or more models. The qualitative weather data variable and wind
direction were significant for all five models. The inclusion of the qualitative weather data
is what differentiates the W and M series models, and its significance in all five models
explains the better predictive capability of the W series over the M series models. The E.
coli data >200 CFU/ 100 ml were segregated from data <200 CFU/100 ml for 2018, and
the wind pattern for those days is presented in Figure 2-S3 (see Appendix 2-12). Figure 2S3 shows that the most frequent E. coli exceedances were observed when the prevailing
winds were from between NNW and NNE. Given the location and orientation of Sandpoint
Beach (Figure 2-1), this indicates that the E. coli might originate from sediment
resuspension, beach sand, or microbial pollution from watershed sources E to NE from the
beach. However, Figure 2-S3 and the differences among the explanatory variables between
the various models highlights the limitations of statistical models in identifying potential
sources of microbial pollution responsible for E. coli exceedances observed in beach
waters.
Of all the MLR models developed, W5 has the shortest distance to the location of the ideal
model “X” (see Figure 2-5) and thus has the best predictive capability. W5 is, therefore,
the MLR model recommended for use at Sandpoint Beach among all the MLR models
developed in this study. W5 is based on two-year data (2016-2017) immediately preceding
the testing year (2018). The results suggest that for Sandpoint Beach, it is best to develop
a new model every year based on preceding two-year data. Similar findings and
suggestions have also been made previously in the literature (Francy et al., 2013b; Thoe et
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al., 2014, 2015b). However, the intensive (5 days per week) water quality and E. coli
monitoring conducted by WECHU during the summer over five years (2014 – 2018) was
done to assist in the development of statistical models and has now been discontinued. The
results for Sandpoint Beach also show that models W1 to W4 developed based on data
collected during the preceding 5 years (2014-2017), were still reasonably good. Thus, the
recommended W5 MLR model may be expected to give reasonable predictions for more
than two years provided there are no significant changes in microbial loadings from
watershed-affected beach water quality at Sandpoint Beach. It is recommended that at least
two years of the intensive (5 days per week) water quality and E. coli monitoring over
summer months be conducted every few years to confirm the validity of, or development
of a new MLR model.
2.5

Conclusion

Current beach postings at Sandpoint Beach on Lake St. Clair rely on the persistence model,
which only uses E. coli monitoring data collected as part of the beach monitoring program.
Our results show that both persistence model #1 (one sample per week) and persistence
model #2 (five samples per week) performed poorly, with AUROC values between 0.5 –
0.6, and sensitivity of 32% or less. Using the same data with some additional easily and
rapidly measurable water quality data (as part of the beach monitoring program) and
weather data from local weather monitoring stations that can be available in near real-time,
all the MLR models developed in the current study performed much better than the
persistence models, with AUROC values between 0.7 – 0.8.
The inclusion of qualitative weather data improved the performance of the MLR models.
Qualitative weather condition is commonly reported by weather stations and is
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recommended for consideration in similar future MLR modelling exercises. MLR models
developed using the most recent two-year monitoring data performed better than those
developed with three- and four-year data. This suggests that two-year monitoring data
should be sufficient as a training dataset for Sandpoint Beach in the event that there is a
need for updating the model in the future. Similar analysis at other beaches may be useful
for determining the adequacy of the training period. PCoA, as presented, seems to be an
effective tool for model selection based on multiple performance criteria. Based on this,
among the MLR models developed in the current study, the W5 model is recommended
for use by WECHU for NowCasting microbial water quality at Sandpoint Beach over the
persistence model #1 that is currently used.
Results presented in this study demonstrate that the application of MLR models supports
the monitoring tools’ capacity to predict, with reasonable accuracy, E. coli concentrations
at Sandpoint Beach. However, due to the complexity of E. coli fate in the environment as
well as model accuracy limits and the inherent high spatial and temporal variability of
measured E. coli concentrations, inconsistencies between measured and predicted E. coli
concentrations may still occur. We suggest that, because developing and using predictive
models is a dynamic process based on continued data collection via existing beachmonitoring programs, model performance and accuracy should be evaluated at the end of
each beach season to increase or maintain their predictive power. Any significant decreases
in performance would indicate that environmental or microbial loadings that affect
microbial water quality have changed, and the development of an updated model may be
necessary.
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CHAPTER 3 THREE

DIMENSIONAL

CONTRIBUTIONS

OF

MAJOR

MODELLING
TRIBUTARIES

TO
TO

ASSESS
FECAL

MICROBIAL POLLUTION OF LAKE ST. CLAIR AND SANDPOINT
BEACH 1
3.1

Chapter Synopsis

The presence of high levels of E. coli in Lake St. Clair is a significant concern for millions
of people, in Canada and the United States, who rely on that water source for drinking,
fishing and recreational purposes. A combination of mathematical modelling and
monitoring techniques in the lake can provide an efficient and cost-effective framework
for the management of microbial pollution of beach waters, as well as serving as a timely
reporting tool to communicate associated human health risks from recreational use. In this
paper, a high-resolution 3D hydrodynamic model is developed and applied to assess the
flow and microbial contribution of major Lake St. Clair tributaries during the Summer of
2010. The model skill in reproducing water temperature is in good agreement with the
observed data (𝛾 2 , NRMSE, R2 and WS values of 0.12, 0.37, 0.88 and 0.96, respectively).
Assuming E. coli input estimates to be conservative, the model results show that the
maximum predicted fecal concentrations from the combined input of the major tributaries
to be <100 CFU/100 ml for most of the lake. The corresponding maximum at Sandpoint
Beach was < 10 CFU/100 ml. High dominant flow with low E. coli input from the St. Clair
River and microbial decay due to residence time in the lake are largely responsible for the
results obtained. The results evidently indicate that the four major tributaries are unlikely

1

This Chapter was published as a journal article: Madani, M., Seth, R., Leon, L.F., Valipour, R.,
McCrimmon, C., 2020. Three dimensional modelling to assess contributions of major tributaries to fecal
microbial pollution of lake St. Clair and Sandpoint Beach. Journal of Great Lakes Research.
https://doi.org/10.1016/j.jglr.2019.12.005
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responsible for the observed E. coli exceedances of the Ontario safety guidelines for
recreational activity at Sandpoint Beach.
3.2

Introduction

Escherichia coli (E. coli) is a common inhabitant of the intestines of humans and other
warm-blooded animals and can eventually leak to the natural environment. Fecal matter
contains high numbers of E. coli including pathogenic organisms from sick individuals.
Epidemiological studies have shown a strong correlation between E. coli and waterborne
disease outbreaks from the recreational use of beach waters (Fewtrell and Kay, 2015; Field
and Samadpour, 2007; Sokolova, 2011; USEPA, 2010). Canadian Drinking Water Quality
Guidelines (Health Canada, 2012) and the United States Environmental Protection Agency
criteria (USEPA, 2012) use E. coli as an indicator of microbial water quality for drinking
and recreational purposes. Particularly, in Ontario, Canada, the Ontario Ministry of Health
and Long-Term Care sets out E. coli concentration of 100 colony-forming unit (CFU)/100
ml, updated to 200 CFU/100 ml in 2018 (OMHLTC, 2018), as a safe limit for swimming
and bathing at freshwater beaches. There are several public beaches on Lake St. Clair where
microbial water quality standards for E. coli for recreational use are frequently exceeded
during the summer months (McPhedran et al., 2013), A review of more than one hundred
years (1900-2010) of ecological and socioeconomic characteristics of Lake St. Clair
concluded that the major issue previously was waterborne illnesses due to contaminated
drinking water, but currently contaminated recreational waters and coastal pollution are the
main concerns (Baustian et al., 2014).
Lake St. Clair is a relatively shallow water body surrounded by large urban areas and
receives discharges from many tributaries along its southern shore. Its beaches are
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especially susceptible to high microbial contamination. Major sources of microbial
contamination of beaches and resulting E. coli exceedances might include fecal pollution
from combined sewer overflow, sanitary sewer overflow, stormwater flows and direct input
from birds and other animals feces. These sources are dynamic over time and have multiple
entry points into watersheds and tributaries that feed into the lake, making it very difficult
to identify specific sources of E. coli exceedances at beaches (He et al., 2016; Simpson et
al., 2002). Current culture-based methods used for E. coli monitoring are unable to support
management effectively. Next-generation sequencing (NGS) based monitoring methods
show a lot of promise both for helping in identifying potential sources of fecal pollution as
well as reducing the time required to obtain analytical results, but there are still limitations
on the quantitative interpretation of NGS data (Tan et al., 2015).
Additional tools to aid in the monitoring and management of microbial pollution at beaches
are mathematical models used to predict contaminant fate and transport in recreational
waters. If properly validated, such models can have numerous benefits over conventional
methods, as they are very cost-effective and do not require continuous field sample
collection and analysis. Model predictions can be real-time which could potentially help
reduce or eliminate both false positive and negative results. Models can also help to identify
or exonerate potential sources of microbial pollution responsible for E. coli exceedances at
a given beach. Nevertheless, monitoring data will still be required for possible model
upgrades, as well as for periodic testing and calibration of the model to account for
changing environmental conditions.
Fate and transport of microbial pollution in a lake is largely influenced by the
hydrodynamics, the microbial load (from tributaries), and the die-off (decay) of the

51

Three Dimensional Modelling to Assess Contributions of Major Tributaries to Fecal Microbial Pollution of Lake St. Clair and
Sandpoint Beach

microbes which depend on the ecological conditions in the lake. The hydrodynamics in a
lake environment are affected by meteorological forcing at the air/water interface (where
physical processes such as heat, kinetic energy, momentum, and matter occurred), the lake
bathymetry and the lake bottom friction. Expectations are that a 3D unsteady-state model
will adequately predict the spatial and temporal variability in hydrodynamics within the
lake. Recent studies have shown the benefits of applying unsteady-state 3D hydrodynamic
models with biogeochemical lake processes for management studies in the Great Lakes
(Bocaniov et al., 2016; Bocaniov et al., 2014; Hamidi et al., 2015; Leon et al., 2011; Leon
et al., 2012b; Oveisy et al., 2014; Valipour et al., 2016) and particularly for Lake St. Clair
(Anderson and Schwab, 2011; Anderson et al., 2010; Bocaniov and Scavia, 2018).
Bocaniov and Scavia (2018) further extended their 3D hydrodynamic model to simulate
nutrient mass balance in the lake and investigate the loss rate of nutrients and their
correlation with transport time scale. In a limited regional study, Holtschlag et al. (2008)
used the 2D-RMA2 Hydrodynamic model and reverse particle-tracking analyses for 10
selected events to identify the Clinton River and Clinton Cutoff Canal (Spillway) as
potential sources of E. coli bacteria for two beaches (Memorial and Metropolitan beaches)
on the U.S. side of Lake St. Clair. Microbial fate processes such as deactivation (based on
three key environmental factors: light intensity, salinity and water temperature),
sedimentation, resuspension, grazing etc. are factors that have the potential to influence
microbial distributions in the aquatic environment (de Brauwere et al., 2014; Liang et al.,
2017; Liu et al., 2006). Many studies have used E. coli to model the microbial distribution
in lakes (Bonamano et al., 2015; Chan et al., 2013; Liu et al., 2006; Sokolova et al., 2012).
However, no such approaches have been applied for a more comprehensive evaluation of
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the impact of fecal microbial pollution on microbial water quality in Lake St. Clair or its
beaches.
For the current study, the Aquatic Ecosystem Model (AEM3D), based on the ELCOMCAEDYM model developed at the Centre for Water Research (CWR), University of
Western Australia (Hodges, 2000), is used as the modelling platform. The objective of this
study is to estimate the contributions of major tributaries to fecal microbial pollution of
Lake St. Clair and Sandpoint Beach, located on the southern shore. A high-resolution 3D
hydrodynamic model was developed and validated with field measurements of water
temperature and velocity profiles. Assuming constant microbial loads from the tributaries,
the potential lake-wide E. coli influenced zones are delineated to identify those places with
higher exposure risks to incoming riverine microbial contamination.
3.3
3.3.1

Methods and Materials
Study Area:

Lake St. Clair (42.2956-42.6901 N- Latitude, 82.4119-82.9258 W-Longitude) is a water
body that forms part of the binational boundary water between Canada and United States
in the Great Lakes Basin (Figure 3-1). Its surface area is roughly 1,114 km2 and 59% of
the local watersheds that drain to Lake St. Clair are on the Canadian side (8,988 km2), while
the remainder (6,317 km2) is on the U.S. side (Baustian et al., 2014). The St. Clair River,
which drains Lake Huron and is the main inlet of Lake St. Clair, has a drainage area of
about 576,013 km2 and delivers water at a rate of about 5,200 m3/s (98.2% of total inflow)
(Holtschlag et al., 2008). The remaining water inflow to the lake (1% of total lake inflow)
is mainly from the three next largest tributaries: Thames River and Sydenham Rivers in
Ontario, Canada and Clinton River in Michigan, United States. Negligible flow from about
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Figure 3-1: Map of Lake St. Clair and its bathymetry. Triangle symbols show the locations of the
moorings (CLSM4 (42.471 N 82.877 W), LSCM4 (42.465 N 82.755 W) and 45147 (42.430 N
82.680 W)). Location of Sandpoint Beach and area of nested model (see Model Description and
Analysis Approach section) are identified by black stars. Bathymetric data are in meters and all
model tributaries are labelled on the map.
10 smaller tributaries located in the south of the lake is not considered in this study. The
Detroit River (discharge rate of about 5,270 m3/s) is the only natural outlet from the lake.
Evaporation and withdrawals for water supply are associated with other water losses.
Water Quality and Data Collection:
Lakeview Park West Beach in Lakeshore, and Sandpoint Beach in Windsor, are two
Canadian public beaches along the Lake St. Clair’s southern shoreline. According to the
Windsor-Essex County Health Unit (WECHU) report and field measurements in 2010,
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both the Lakeview Park West and Sandpoint beaches have had incidents involving high
bacterial counts (McPhedran et al., 2013). Sandpoint Beach is a popular beach on the
Canadian side of Lake St. Clair. A review of weekly data collected by the WECHU during
the summer months over a decade (2005-2014) showed that the Ontario Ministry of Health
and Long-Term Care (OMHLTC) standard of 100 CFU/100 ml was exceeded more than
50% of the time (Spalding, 2014).
More intense daily E. coli data was collected at the same beach over 30 consecutive days
during late Summer 2010 (August 10 – September 9) by McPhedran et al. (2013). The data
shows the E. coli concentrations to be quite dynamic with several exceedances of the
OMHLTC standard. Reasons for the E. coli exceedances and the dynamic variation
observed are largely unknown. Inputs from St. Clair, Clinton, Thames and Sydenham rivers
account for >99% of all flows into Lake St. Clair, while Thames and Clinton are dominant
amongst contributors from urbanized watersheds. Thus the four combined rivers are
expected to also be the dominant contributors to the inputs and budget of all water quality
parameters in Lake St. Clair, including fecal microbial pollution.
3.3.2

Bathymetry and Forcing Data:

The bathymetry, sourced from National Geophysical Data Center (https://www.ngdc.noaa.
gov/), has depths referenced to a generic datum of 176.784 meters (580 feet) and is a
rectangular grid with cell sizes of ~70 m by ~90 m that was processed into coarser grid
sizes (100 m, 200 m and 400 m uniform grids). Meteorological forcing data sets include
wind direction, wind speed, air temperature, humidity, atmospheric pressure, rainfall, and
solar radiation. Data is from the nearest stations (Windsor A. Station ID=4716; Windsor
Riverside Station ID=4715) and moored surface buoys (Buoy (West Erie) 45005 (41.677
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N 82.398 W); Buoy 45147 (42.430N 82.680W); LSCM4 (42.465N 82.755W); CLSM4
(42.471N 82.877W)). Buoy 45147, which is maintained by Environment and Climate
Change Canada (ECCC), was used to fill out missing wind direction and wind speed data
and for model validation of water temperature. Solar radiation data were obtained from the
Canadian Regional Climate Model (CRCM5) provided by the University of Quebec at
Montreal (UQAM) (Huziy and Sushama, 2017). (See Table 3-S1 for more information)
3.3.3

Inflows and Boundary Conditions:

Flow and temperature data of the four major tributaries to the lake (Thames, Sydenham,
St. Clair, and Clinton rivers) and the outflow (Detroit River) were obtained from the nearest
gauged stations as follows. St. Clair River daily flow data is available at Port Huron station
(02GG014) from 2009 to 2012. Since this station is upstream of the model boundary, flow
discharged from other major tributaries such as Black River, Pine River and Belle River is
also added. Note that the tributary stations tend to be upstream of their outlets so prorating
based on drainage area may be required. Smaller tributaries such as Deer Creek (US side),
Cray Creek, and Baby Creek (Canadian side) are not included. Gaps in daily observed St.
Clair River water temperature, obtained from the National Data Buoy Center (NOAA)
station at Algonac (Station ID: 9014070), were filled using regression with daily air
temperature in Sarnia. The best regression was obtained with a 35-day average air
temperature, which seems reasonable as the water from a large lake like Lake Huron would
change slowly with air temperature.
For the Sydenham River, flow from the most downstream flow stations on it’s two main
branches, Sydenham River at Florence (station 02GG003, drainage area 1150 km2) and
Bear Creek below Brigden (02GG009, drainage area 536 km2), are extrapolated to the
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watershed outlet using the drainage area ratio method (Emerson et al., 2005). Note that the
Florence and Brigden stations combined drainage area is 1686 km2, which is 63% of
watershed outlet near Wallaceburg and is at the borderline for using the drainage area ratio
method. Sydenham water temperature was available at Wallaceburg (115 observations
from 2002-2015) from the Provincial Water Quality Monitoring Network (PWQMN)
(station 04002701702). The best regression of observed water temperature was obtained
with 7-day average air temperatures (R2=0.94) from the Sarnia climate station (Station
ID=44323) and was used to fill the missing values.
Thames River flow data is available at Thamesville (02GE003), which is approximately
77% of the total drainage area of Thames River. Flow rates were extrapolated to the
watershed outlet using the drainage area ratio method (Emerson et al., 2005). Thames River
water temperature was also available at Thamesville (73 observations from 2002-2014)
from the PWQMN (station 04001305802). Using air temperature from London WSC
climate stations, regression curves were fitted with the existing water temperatures; the
resulting best regression was with 3-day average air temperatures (R2=0.89); this
regression curve was then used to predict the water temperatures for missing days.
Flow and water temperatures for the Clinton River were obtained from the United States
Geological Survey (USGS) data web site (USGS station 04165500, Clinton River at
Moravian Drive). Daily streamflow of the Detroit River is available from 2009 to 2014 at
Fort Wayne station (02GH015) and used directly. Satellite-derived lake-wide daily time
series of water surface temperature in 2010 was gathered from NOAA (Coast Watch Great
Lakes Surface Environmental Analysis, GLSEA: https://coastwatch.glerl.noaa.gov/
threads) and was used to initialize the model and for model validation.
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3.3.4

Model Description:

In the current study, a 3D unsteady numerical model of Lake St. Clair was set up for a fivemonth simulation period (May-September) of 2010 using the AEM3D hydrodynamic
modelling framework. The first month is considered as warm-up period and results are not
shown here. AEM3D solves hydrostatic Reynolds-averaged Navier–Stokes equations,
based on a semi-implicit scheme which is adapted from a three-dimensional model known
as TRIM approach (Cheng et al., 1993), for heat and momentum transfer on a Cartesian
Arakawa C-grid with a fixed z-coordinate finite difference mesh (Hodges et al., 2000). It
uses the scalar transport equations to simulate spatial and temporal variations of mass,
temperature and salinity distributions (Hodges and Dallimore, 2006). Proposed models
have been applied extensively to study lake processes and for biogeochemical and
management studies in the Great Lakes (Anderson and Schwab, 2011; Bocaniov et al.,
2016; Bocaniov et al., 2014; Leon et al., 2011; Leon et al., 2012b; Oveisy et al., 2014;
Valipour et al., 2016; Zhao et al., 2012). AEM3D is selected in this study because it was
proven that it is able to provide a spatially explicit simulation of the hydrodynamics and
tracer simulation in a large lake. Furthermore, AEM3D has been well documented (Hodges
and Dallimore, 2006) and tested previously in the Great Lakes system by the authors (Leon
et al., 2012b; Valipour et al., 2016; Valipour et al., 2018).
To resolve Lake St. Clair geometric data, three structured, uniform grids (400 m, 200 m,
100 m) were used. Eight vertical layers with 2-meter thicknesses each were considered for
all the models. In order to better resolve the bathymetry and study the detailed current, river
distribution, temperature structure and flushing time of nearshore areas of Sandpoint
Beach, a 50 m nested-mesh was considered to allow for a finer grid configuration in the
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area of interest using an approach similar to Rao and Sheng (2008) (see Table 3-S2 of
Appendix 3).
Flow and scalar concentration from the coarse grid was used as boundary conditions for
the nested grids. A smaller fixed time-step (60 s) was required in the nested model to satisfy
the Courant-Friedrichs-Lewy (CFL) condition. Information transfer between the coarse
and fine-grids in the nested model is a one-way data transformation with results of the
coarse grid model interpolated to the boundary of the fine grid. All the models were started
from rest and initialized with surface temperatures from GLSEA data. The daily
temperature profiles (assumed vertically uniform) measured in the last week of April 2010
were averaged and linearly interpolated to the grid points as initial conditions of the basin
(see Figure 3-1).
For bottom boundary condition, two options were tested; i) turbulent benthic boundary
layer (TBBL) and ii) constant drag coefficient on all surfaces (drag-all). TBBL was
selected because it re-produced the currents obtained from Acoustic Doppler Current
Profilers (ADCP) well in Lake St. Clair compared to the drag all option (See Figure 3-S2
in Appendix 3). Meteorological forcing was applied uniformly on the entire free surface of
the lake. In the wind-mixed layer, the momentum input of the wind is modelled using the
stress boundary condition at the free surface. The wind stress is a function of wind speed
at a 10-meter elevation (U10). The drag coefficient at the surface and in the bottom was
assumed to be constant. Because all biochemical processes are temperature dependent, it
is important that the models properly simulate the surface and sub-surface temperature
structure in large lakes (Leon et al., 2012a). In this regard, a comprehensive heat and energy
balance model was implemented that considers non-penetrative components of long-wave
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radiation, sensible heat transfer, evaporative heat loss, and penetrative shortwave radiation
across the free surface (Hodges and Dallimore, 2006).
3.3.5

Analysis Approach for E. coli:

We modelled contribution to fecal microbial pollution of Lake St. Clair and Sandpoint
Beach by the major tributaries using E. coli as the indicator for fecal pollution. The
assessment of the contribution was done in two parts. First, separate model simulations
were carried out for each tributary for the entire 2010 summer simulation period with a
constant inlet E. coli concentration of 100 CFU/100 ml to determine its fractional
contribution to fecal microbial pollution. Second, conservative estimates of microbial
pollution loads were used for all tributaries and model simulations were carried out for the
entire 2010 summer period to simulate the combined effect, distribution of microbial
contamination and relative contribution of all the tributaries on microbial water quality.
Microbial (E. coli) concentrations were simulated assuming first-order decay, with decay
rate estimates from relevant field-based studies. However, E. coli is also associated with
sediment transport and bed mobilization, especially during storm events (Droppo et al.,
2011). Upon receiving the water to the lake environment other physical processes such as
sediment transport and resuspensions, as well as E. coli inactivation by UV, grazing and
die-off due to water temperature and other chemical properties of water (pH, dissolved
oxygen etc.) may influence the fate and transport of E. coli (Brookes et al., 2004). Riverine
inputs get diluted with the lake-wide water, which also is involved in the process of E. coli
reduction. The combined influence of all factors affecting the decay rate is complex and
expected to be site-specific and variable with time. No model, that can universally define
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Table 3-1: E. coli decay rate reported in the literature for different locations and temperature
conditions.
# Decay (d-1)

Temperature

Location

Reference

1 0.78-1.28

20 °C (August)

(Sokolova et al., 2012a)

2 1.417

18 °C

3 0.62-0.75

Sunny and Variables
days (45 cm and 90
cm)
28.8-30.0 °C
summer

Lake Rådasjön – Sweden
(microcosms)
Hamilton Bay, Lake Ontario,
Canada
Lake Michigan at 63rd St.
Beach, US
Lake Weija - West Africa
Polishing
ponds-municipal
sewage (Field)
Onondaga Lake, NY

(Ansa et al., 2011)
(Toms et al., 1975)

4 0.55-1.23
5 0.83
6 0.5-0.72

Dark Death rate
(10-35°C)

(Crane and Moore, 1986)
(Whitman et al., 2004)

(Auer and Niehaus, 1993)

its variability, is currently available. However, there are some simplified decay rate
formulas.
Good agreement and wider applicability have been shown with simplified lumped
parameter first-order decay rates that represent the net effect of all the factors. In the current
study, measured first-order decay rates were selected based on the literature (Table 3-1).
The selected values vary between 0.5-1.7 d-1 and are similar to the range of E. coli decay
rates used in similar freshwater modelling studies (Chan et al., 2015; Liu et al., 2006).
E. coli was modelled as a tracer transport in AEM3D. Tracer transport in AEM3D uses an
explicit approach and has an advective CFL such that CFLa = 𝑢 𝛥𝑡/𝛿𝑥 < 1 is required
(Hodges and Dallimore, 2006). Tracer concentration is advected using a conservative
ULTIMATE QUICKEST discretization that allows it to exceed the CFL condition for
velocity, without producing numerical instability (Hannoun et al., 2006). The tracer
transport module implemented in this study includes the processes of advection, dilution
due to mixing, and constant decay rate. Model simulations were carried out with four decay
rates (0.5 d-1, 0.7 d-1, 1.4 d-1, 1.7 d-1) to span the range of measured values presented in
Table 3-1.
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Table 3-1 summarizes the studies that reported E. coli decay rates. In addition, summarized
data from 12 studies (total of 49 samples) were used to find the natural mortality (“dark
death”) rates as a function of temperature. Mortality rate at dark and 20 °C was calculated
as 0.482 d-1 which is close to our lower range; however, it does not account for solar
inactivation, which increases the decay rate. In reality, many other processes such as
sediment settling and resuspension, grazing, etc. may also influence the concentrations of
E. coli in the water but here all are included in the simple lumped parameter first-order
decay rate model. During the simulation period, lake-wide mean monthly water
temperatures of July and August are the warmest (23.9 °C and 23.8 °C, respectively) and
June and September are the coolest (19.8 °C and 20.3 °C, respectively). Based on the
correlation proposed by Sokolova et al. (2012), the decay rate for warm and cool months
are 1.46 and 0.85 d-1, respectively. These values are within the range that is selected based
on previous literature.
Water age simulation was carried out to understand how its spatial variation in the different
regions of the lake and, especially, along the edges can affect the fate and transport of the
E. coli. Water entering the lake from the tributaries was considered as “zero” age. A
detailed description of the water age simulation method was proposed by Anderson et al.
(2011). Water age is an aggregated measure of the time elapsed, since entry into the lake,
for the water to reach the location of interest. In AEM3D, water age was calculated based
on a similar definition and approach. Using a scalar simulation and assuming water to be
conservative (neither created nor destroyed), the governing advection-diffusion transfer
equations were then applied to calculate the water age.
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To calculate the local flushing time, the approach presented by Zhao et al. (2012) was
followed in the nested model for the southwestern region of Lake St. Clair (see Figure 3-1).
The flushing time is defined as the time necessary for a conservative substance
concentration to decrease to 1/e (~ 0.37) of its initial concentration. Further details are
provided in Appendix 3-2.
3.3.6

Approach for Model Validation:

To validate the modelled water temperature, the Great Lakes Coast Watch product called
GLSEA was used. GLSEA provides gridded (~1,400 m) mean surface temperatures and it
largely reflects offshore conditions. GLSEA grids that overlap the shoreline are removed
from the GLSEA water temperature estimate. For three days selected in June, July, and
August 2010, the simulated temperature is re-gridded to the same resolution of GLSEA
and aggregated daily.
To define the zones mainly affected by the dispersion of bacteria that comes from the major
tributaries into Lake St. Clair, and their potential effect on the bathing area of Sandpoint
Beach, the Microbiological Potential Risk Area (MPRA) is used. It is defined as the lake
area over which the E. coli concentration is greater than or equal to 1 % of the concentration
measured at the mouth of the rivers discharged to the Lake (Bonamano et al., 2015;
Bonamano et al., 2016). A tracer with a continuous concentration of 100 is discharged into
the lake from each tributary and 90th percentiles of its concentration at the discharge areas
during the entire summer were calculated. The lowest E. coli decay rate (k= 0.5 d-1) was
used in the model to find the maximum possible area of potential risk in the lake.
The skill of the model is measured by the variance of the simulation errors divided by the
variance of the observations (henceforth denoted by 𝛾 2 ). In general, the smaller the 𝛾 2 , the
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higher the skill of the model. Also, the goodness of fit between observations and model
output temperatures was quantified in terms of the estimated root mean square error
(RMSE), normalized RMSE (NRMSE), and correlation coefficient. There are several
methods for calculation of NRMSE to quantify the agreement between model output and
observation (Acosta et al., 2015; Bravo et al., 2017; Hamidi et al., 2015; Trolle et al., 2014).
Trolle et al. (2014) derived NRMSE by dividing the RMSE by the variable sample mean,
for Chlorophyll_a, total nitrogen, total phosphorus, dissolved oxygen, and temperature.
Here, the method proposed by Acosta et al. (2015) which calculate NRMSE by dividing
the RMSE by the range of data (𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛 ) is followed. To further analyse the model
performance, skill value (WS) proposed by Chen and Liu (2017) is used. WS of 1.0
represents perfect performance while values in the range of 0.65-1.0, 0.5-0.65, 0.2-0.5, and
<0.2 indicate excellent, very good, good, and poor performance, respectively.
3.4

Results and Discussion

Time series of Lake St. Clair daily river inflows and outflow from June to September in
the summer of 2010 are shown in Figure 3-2. Data showed that 98% of the lake inflow is
from the St. Clair River with an average flow of 5,169 m3/s (minimum 4,564 and maximum
5,611 m3/s). The Thames River contributes about 1% of the inflow with an average of 29.4
m3/s during the simulation period. Two peaks were observed in the Thames River flow
data of 249.1 m3/s and 108.8 m3/s during the thunderstorm events of June 05 and July 23
(daily precipitation of 44 and 42 mm/d), respectively. Sydenham River, with an average
flow rate of 6.6 m3/s, experienced peak flow of 68.8 m3/s during the June 5 event. In the
same manner, Clinton River had an average flow rate of 9.8 m3/s with a peak of 100.2 m3/s.
The contribution of Thames, Sydenham and Clinton rivers average inflows are not
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Figure 3-2: Time series of (a) inflows and (b) water temperature from all the major tributaries,
used as boundary forcing condition. St. Clair River flow rate is much higher than other tributaries
so it is plotted on the right Y-Axis in different scale.
Figure 3-3: Wind rose illustration of wind speed and direction for 2010 simulation period and for
each month separately
comparable to the St. Clair River but in the case of big storm events, these tributaries can
increase in flow 10 times from their average flow and their contribution increases
accordingly.
In the case of nutrient contribution, the Thames, Sydenham and Clinton rivers are more
important, contributing ~23% of 2009 and ~14% of 2010 total phosphorus load (Bocaniov
and Scavia, 2018). This shows that they can affect the Lake nutrient cycle and they can
possibly have major impacts on the microbial contamination of the Lake as well. The
higher flow of the St. Clair River is able to assimilate incoming dissolved and suspended
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nutrients and also microbial loads from its tributaries with little effect upon its overall water
quality.
The daily mean wind speed and direction for the summer of 2010 at Windsor Airport was
used as the forcing input for the model (Figure 3-3). The dominant wind direction is
southwest. During September, high wind speeds from the south affect the lake, while in
July, SW seems to be the only wind direction. Also, wind speed tended to be higher in
August and September than during June and July. The predominant wind forcing is from
the southwest (SW) direction. In September, very strong south-winds are common in the
nearshore region of the south basin because of temperature differences between the lake
and the air moving over it. This forms gyres in the nearshore area that usually start in the
middle of the lake and continued all along the edge, and end at the Detroit River. The
dominant wind direction of west or southwest is most likely to promote transport of surface
water from the upstream of the mouth of the Detroit River into the beach area. Unless a
strong east or northeast wind changes the situation, the dominant current along the
shoreline from Lakeview Park West Beach to the mouth of Thames River, is on a westeast direction.
3.4.1

Model Validation

The developed 3D model was validated against a comprehensive dataset collected in Lake
St. Clair and from previous studies and performed to a reasonable degree of accuracy.
Validation of the flow distribution in the St. Clair River channels, thermal structure of the
lake, and lake hydrodynamics are presented below.

66

Three Dimensional Modelling to Assess Contributions of Major Tributaries to Fecal Microbial Pollution of Lake St. Clair and
Sandpoint Beach

3.4.1.1

Flow Distribution in the St. Clair River Channels

Flow distribution in the St. Clair River channels changes as a function of water levels and
wind stress (Anderson et al., 2010), and eventually affects the path and proportion of the
cooler water that comes from the higher latitude of Lake Huron. Due to the ecological
impacts that circulation and water temperature have on the lake, it is important to accurately
simulate the flow distribution in the St. Clair River channels. Inflow water temperatures
(Figure 3-2b) show a seasonal trend, but there are more fluctuations in the small tributaries
compared to the St. Clair River. Water from the St. Clair River, has lower temperatures
compared to the other tributaries and affects the whole water thermal structure in the lake
because of its dominant flow contribution.
Our simulation results reveal that the average discharge distribution in the channels is
similar to the previous field measurements and modelling studies (North=34.79%,
Middle=20.09%, Flats=17.25%, St. Clair Cutoff=24.7%, Bassett=3.15% (Anderson et al.,
2010; Bolsenga and Herdendorf, 1993; Holtschlag and Koschik, 2001, 2002a, b; Schwab
et al., 1989)). Current patterns in Lake St. Clair are dominated by the wind conditions
(Schwab et al., 1989) which affect water temperature by changing heat transfer coefficients
and evaporation heat loss. In addition, water temperature has been influenced by the
variation in flow distribution in the St. Clair River’s channels.
3.4.1.2

Thermal Structure of Lake St. Clair

Although no calibration and parameter adjustment was done in developing the model, its
validation was done carefully because the adequate evaluation of the hydrodynamic model
(and its thermal structure, which is an indirect way of validating model performance with
respect to hydrodynamics) with field measurement is essential for having confidence in the
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Figure 3-4: Simulated water temperature calibration results for each model grid: (a) boxplot (b)
time series comparison to observed (c) model error versus observed (d) model performance
measures.
accuracy of subsequent water quality simulations. In addition, water temperature plays a
crucial role in the life cycle and habitat distribution of aquatic species and hence its accurate
simulation is necessary. Three uniform grids (400 m, 200 m, 100 m) were used to simulate
water temperature and the results were compared with buoy measurements in the middle
of the lake and satellite imagery of the entire lake. Also, model performance is assessed at
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Sandpoint Beach using the nested 50 m grid model to compare water temperatures with
field measurements. To summarize, we validated the performance of the model at three
different levels: i) using buoy measurement in the middle of the lake. ii) using lake-wide
temperature predictions and comparing model results for three select day in each of June,
July and August 2010 with values provided by GLSEA through analysis of satellite-derived
data (Figure 3-7), and iii) nearshore temperature predictions by comparing model results
with one month of daily water temperatures recorded at Sandpoint Beach in August –
September 2010 by McPhedran et al. (2013) (Figure 3-8).
Figure 3-4 shows model results comparison with buoy LSCM4 water temperature data and
the evaluation statistics. Simulations for the study period show the RMSE between
observed and simulated surface water temperature to be around 1 °C, which is less than
5% of the mean time-averaged surface water temperature for the simulation period. In the
left panel box plot the model output results are not significantly different (P>0.05). The
200 m grid simulation has a higher median and spread of temperatures. As can be seen in
Figure 3-4c, the 200 m grid also has the lowest maximum absolute error. Even though a
finer grid model may provide for higher domain coverage in the edges, it does not
necessarily predict the field data with greater accuracy and, as can be seen in Figure 3-4c,
it may even be characterized by very high absolute errors at some locations. Comparing
𝛾 2 , NRMSE, R2 and WS for all three grids show that there are no statistical differences
observed in selecting the higher resolution grid. Furthermore, because of the nature of
uniform grid sizes, moving from the 200 m to 100 m grid size increases the computational
time from 5.5 hours to around 42 hours on a single-core Intel® Xeon® Processor E3-1245
v6, 8M cache, 3.70 GH.
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Generally, to meet the CFL stability condition, increasing the model resolution from 400
m to 100 m or less requires reducing the time step. However, in our study, except for the
50 m grid size, which needs a 60 second time step, a 300 second time step worked for all
the other models. Applying the nested modelling approach can control the problem of
computational expense to a certain extent (Leon et al., 2012). We abandoned the idea of
reducing the grid size lower than 100 m for the entire lake-wide model due to the high

Figure 3-5: Curtain plot to show the stratification along three cross sections at different locations
of Lake St. Clair for mean water temperature during the simulation period (June-September 2010)
(a) along the channel (b) from North West to South East (c) along the south shoreline. (The
temperature range are different for each subgraph)
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Figure 3-6: (a) Time series of simulated water temperature at different zones (North West, South East, and
location of Sandpoint Beach) of Lake St. Clair and (b) the water temperature differences between North
West, South East, and Sandpoint Beach. Red shade shows one-month study period of McPhedran et al.
(2013)

computational time, compounded by the reduction in the time step forced by the higher
resolution grid. It takes 12 days to run the model for the entire lake with a 50 m grid size
and a 60 second time step.
The time series in Figure 3-4a show that all the models are able to predict both small- and
large-scale fluctuations in water temperature for the observed period, especially during
rapid weather changes in late August and early September. In the end, the 200 m grid model
was selected as the base configuration to cover our study area. Model-predicted
temperature values were in good agreement with the observed data with values for 𝛾 2 ,
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NRMSE, R2 and WS of 0.12, 0.37, 0.88 and 0.96, respectively. Other measures are
presented in Figure 3-4c.
Model outputs were used to understand the circulation and temperature profiles in Lake St.
Clair. Based on the simulated temperature, the vertical distribution (Figure 3-5) of water
temperature consistently varied less than 1°C in Lake St Clair (~95% of the time).
Measured profiles of temperature and water density were not available in Lake St. Clair

Figure 3-7: Comparison of model (left) vs. GLSEA data (right) on (a) June 16, (b) July 20 and (c)
August 23, 2010. (Note each subgraph has a different temperature range (colorbar))
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during the summer of 2010 for comparison, but a similar analysis to that by Loewen et al.
(2007) and Ackerman et al., (2001), using densimetric Froude number (𝐹𝑟𝑑 ), was
conducted (see Appendix 3-4). The results reveal that despite the small water temperature
variation, weak stratification can be developed in parts of Lake St. Clair, but it will have a
negligible influence on the local hydrodynamics, in particular, in the beach regions. These
findings are consistent with those for the shallow western basin of Lake Erie, where
stratification was shown to occur during summer months (Loewen et al. 2007; Boegman et
al., 2008).
Three curtain cross section outputs are presented to show the vertical temperature profile
in different zones of the lake. The curtains from northwest to southeast (Figure 3-5b)
represent the lake-wide profile that clearly shows the difference between the top (U.S. side)
and bottom (Canada side) water temperatures. Figure 3-6a shows simulated temperatures
and Figure 3-6b shows the differences between Northwest and Southeast basins and
Sandpoint Beach (see Figure 3-1). In Figure 3-6b, simulation results show Northwest water
temperature is usually 1-3 °C cooler than the Southeast region, probably because of
dominant cool water from the St. Clair River channels. The previous study period of
McPhedran et al. (2013) is highlighted with a transparent red shade in Figure 3-6b. Within
this period, the lake water temperature is uniform and the average temperature difference
between Northwest and Southeast is around 1.5 °C. The maximum temperature difference
between Northwest to Southeast is during June and early July when cool water still enters
from the St. Clair River to the northwestern part of the lake. During August and September,
water temperature in all the rivers is mostly similar (see Figure 3-2), which leads to less
fluctuation in lake water temperature in the different zones.
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Accuracy of GLSEA data has been evaluated in many previous studies. For example,
Schwab et al. (1999) observed excellent agreement between in-situ water temperatures
recorded at eight offshore buoys across the Great Lakes and GLSEA temperatures
measured at the buoy locations (mean absolute error (MAE) were less than 0.5 °C for all
buoys). Daily comparison of modelled surface temperature and GLSEA data for the entire
simulation period shows very good agreement. WS ranged from 0.81 to 0.92, RMSE from
0.79 to 1.55 °C, and NRMSE from 0.32 to 0.63. Also, good agreement between present
model results and GLSEA is evident for each of the three days selected in June, July, and
August 2010, both by visual comparison (Figure 3-7) and by examining values of various
statistical error indices. Good agreement between model results and nearshore water
temperatures recorded by (McPhedran et al., 2013) can be observed in Figure 3-8 with
RMSE of 1.27 °C, NRMSE of 0.11, and WS of 0.94.
3.4.1.3

Lake Hydrodynamics

The Thames, Sydenham, St. Clair, and Clinton rivers are major tributaries to Lake St. Clair.
While St. Clair River dominates in terms of flow contribution (>98%), the other tributaries
are expected to be a significant contributor to fecal source microbial pollution due to large
human settlements in their watersheds. It is expected that the survival of this pollution and
its spatial and temporal variation within the lake to be quite variable due to variations in
water retention time, circulation and hydrodynamics. Hence, it is very important to have a
good knowledge of the hydrodynamic processes that control water transport in this aquatic
environment.
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Figure 3-8: Temperature simulation (solid line) at Sandpoint Beach and field measurements (red
dots (McPhedran et al., 2013)). Inner graph shows model vs. observation.
Figure 3-9a shows the average spatial distribution of water age in Lake St. Clair. The
average retention time of the lake is approximately 9 days. The northwest area of the lake,
dominated by the North and Middle channels, has the lowest retention time of less than 5
days. On the southeast side of the lake, near the Thames River, is a zone with very high
water age (20-25 days). As well, the water age at the south shoreline is also high (11-28
days) as shown in the Sandpoint Beach time series of water age (Figure 3-9a sub-graph).
These findings are in very good agreement with the simulated mean water age for period
June 1 to October 1, 1985 by Anderson and Schwab (2011). Based on their results, water
age along the shipping channel was found to be less than 5 days and along the southern
boundary of Lake St. Clair was the highest mean age of around 25-30 days. The study of
the water age inside the lake is very important because dispersion and decay rates are
intrinsically related to the amount of time that species stay in the system before die off.
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Figure 3-9: (a) Mean water age in Lake St. Clair (June to September 2010) and time series of water
age that passed from the location of Sandpoint Beach (black line) and its average during the
simulation period (19.3 days). (b) Backward particle tracking of 200 particles from Sandpoint
Beach; rectangle shows the area on the US shore with few or no particles passing through; and the
triangle shows the direction of particles.
Figure 3-9b shows the backward tracking of 200 particles released at Sandpoint Beach over
the simulation period. This figure shows the general overview of the path of the water that
reaches Sandpoint Beach. The three main observations from Figure 3-9b are i) particle
paths show that all the water reaching Sandpoint Beach is in a narrow direction from east
of the beach (range between 60 to 120 degrees from the North, indicated with a red triangle
in Figure 3-9b), ii) The Cut-off, Flat and North channels of St. Clair River are the major
inputs bringing water to Sandpoint Beach, and iii) the majority of the particles go along the
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south shoreline (with high water age; see Figure 3-9a), taking less time to reach the beach
because of fast flushing water which goes in a straight path with a high velocity along the
shoreline (See Figure 3-10). The fact that all the water reaching Sandpoint Beach comes
from the same direction is important because it shows that the nearshore regions on the
U.S. side (indicated with the green box in Figure 3-9b) generally did not affect the water
quality at Sandpoint Beach, so these areas are not of much concern.
Due to the lack of ADCP data during the 2010 simulation period, we tested the performance
of the model with the same configuration during the summer of 2016, when ADCP data
was available, together with initial conditions, forcing and inflow data for 2016 (provided

Figure 3-10: Monthly variation of the depth-averaged water circulation pattern (quiver plot) and
water temperature (colormap) for (a) June, (b) July, (c) August and (d) September 2010.
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by Environment and Climate Change Canada). We include these results and additional
validation in Appendix 3-3. The simulated currents were reasonable and of the same order
of magnitude as the ADCP data. The simulated west-east velocity component range was
from -0.23 to 0.12 m/s (ADCP range from -0.18 - 0.10) and south-north component of the
velocity range was from -0.12 to 0.10 m/s (ADCP range from -0.10 - 0.06). Overall, during
2016, the hydrodynamic model provided a reasonable output of currents with a low RMSE
(and NRMSE) value of 0.055 m/s (0.276) and 0.049 m/s (0.449) for south-north and westeast components, respectively (see Figure 3-S2).
Simulation results for the monthly variation of depth-averaged circulation patterns and
water temperature for the summer of 2010 presented in Figure 3-10 are consistent with
known circulation patterns in Lake St. Clair (Anderson and Schwab, 2011; Anderson et al.,
2010; Schwab et al., 1989). The dominant wind directions during our simulation period are
south and southwest for all four months (See Figure 3-3). Overall, the simulated monthly
averaged circulation pattern matched very well with the results of Anderson and Schwab
(2011) and Schwab et al. (1989) in which the constant 10 m/s south wind and southwest
wind directions were applied. Three features of the circulation pattern show high degree of
similarity between the current study and those previous works including i) similar counterclockwise gyre in the west part the lake, ii) flow direction along the east shoreline of the
lake from the south to north direction, and iii) near the point where Lakeview Park West
Beach is located (see Figure 3-1) the flow direction changed from east-west (in west part
of the lake) to west-east (in east part of the lake).
Monthly variation of depth-averaged water temperature is expected because of variation in
air temperature and changes in water temperature of tributaries especially that from St.
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Clair River (see Figure 3-2). Except for the vicinity of Sandpoint Beach, the dominant
along-shore velocity component for all the months is from west to east direction, which
means that any watershed inputs from the south shore of the lake between Sandpoint Beach
and Thames River tend to follow isobaths through the alongshore advective exchange with
a much lower interaction with the main lake due to the smaller south-north (or nearshoreoffshore) current component. This is due to the dominant W-SW wind direction in the
region during summer (see Figure 3-3). Nearshore circulation is not significantly affected
by the large-scale lake-wide circulation patterns except when gyres are formed from time
to time. Thus, incomplete mixing especially in the nearshore regions may be expected
leading to localized water-quality impairment, particularly downstream from tributary
confluences. Near the mouth of the Thames River in the southeastern part of the lake, the
depth-averaged south-north and west-east velocity components result in a counter-
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clockwise circulation that pushes the Thames River inputs up and to the middle of the lake,
allowing for a greater retention time and corresponding decay of microbial pollution. This
circulation is also responsible for the longer average water age time in the southeastern part
of the lake (Figure 3-9a).
3.4.2

Contribution of Major Tributaries to the Fecal Microbial Pollution of Lake St. Clair

Calculations of the fractional contribution to fecal microbial pollution of each tributary was
the first part of the study analysis as mentioned in the model description. Presented in

Figure 3-11: Spatial variations of maximum residual E. coli fractions at varying k values for (a)
Thames River, (b) Sydenham River, (c) St. Clair River, and (d) Clinton River. Inlet E. coli
concentration for each tributary was set to 100 CFU/100 ml.
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Figure 3-12: Temporal variation of E. coli residual fraction (right Y-axis) at Sandpoint Beach at
varying k values for (a) Thames, (b) Sydenham, (c) St. Clair, and (d) Clinton rivers. Inlet E. coli
concentration for each tributary was set to 100 CFU/100 ml. Left Y-axis shows E. coli residual
fraction assuming k=0 (conservative) to quantify the contribution of flow dilution alone.
Figure 3-11 are the spatial variations of maximum residual E. coli fraction at Sandpoint
Beach for varying k values for each tributary. Figure 3-12 (right Y-axis) shows the
temporal variation of residual E. coli fraction for each tributary at varying decay rates. In
Figure 3-12, the left Y-axis shows the expected temporal variation of residual E. coli
fraction at k=0, which essentially quantifies the effect of flow dilution. Maximum fractions
of E. coli that can reach the area near Sandpoint Beach are around 0.81, 0.01, 7.2 and 0.07
% of their inputs. From Figure 3-12, the minimum reduction factors due to dilution at
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Sandpoint Beach of E. coli inputs from the Thames, Sydenham and Clinton River by the
dominant flow from St. Clair River were estimated to be 24, 97 and 108, respectively.
The difference between model simulations at k=0 and any other k value then represents the
contribution of decay alone to the reduction in E. coli. The minimum reduction factors in
E. coli concentrations at Sandpoint Beach due to decay at the lowest decay coefficient of
0.5 d-1 for the Thames, Sydenham, St. Clair, and Clinton rivers were estimated to be 5.2,
76.8, 13.9, and 13.7, to give combined minimum total reduction factors of 125, 7450, 13.9,
and 1480 for the same rivers. If higher decay rates are selected, then these factors would
increase proportionately. This means that even if inlet E. coli concentrations were as high
as 74,500 and 14,800 CFU/100 ml in the Sydenham and Clinton rivers, then the resulting
maximum expected E. coli concentrations at Sandpoint Beach from each is expected to be
10 CFU/100 ml, which is 5% of the current Ontario safety guideline for recreational beach
water use for swimming. This is consistent with Figure 3-11, which shows that even under
conditions resulting in maximum E. coli concentrations, apart from a local region near their
point of entry, the impact of fecal pollution from the Sydenham and Clinton rivers on
microbial water quality in Lake St. Clair is quite limited, particularly in the region near the
southern edge of Lake St. Clair where Sandpoint Beach is located. In addition, Figure 3-12
shows that the flow contribution from Thames River at Sandpoint Beach is higher than that
from Sydenham or Clinton rivers, and ranged mostly between 1 to 4%. However, the
residual fraction of E. coli concentrations was much lower, even at the lowest decay rate
of 0.5 d-1, with maximum, 99th percentile, and mean of 0.81%, <0.22%, and 0.01%
respectively, corresponding to reduction factors of 125, >454, and 10,000.
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This is due to the combination of dilution (due to much larger flow contribution from St.
Clair River) and decay of E. coli, which is a function of water residence time. For the same
flow contribution, if the residence time is longer, the resulting decay in E. coli
concentrations is higher. In the same manner, for the St. Clair River, which dominated the
flow contribution to Sandpoint Beach at >97%, the residual fraction of E. coli
concentrations were again much lower with maximum, 99th percentile, and mean of 7.2%,
<5.6%, and 1.5%, respectively, at the lowest decay rate of 0.5 d-1. The corresponding
reduction factors were 14, >18, and 67. The high and variable reduction factors are due to
the high and variable water age. As shown in Figure 3-9a, the average water age in the
southern and eastern parts of Lake St. Clair is >15 days and ~ 19 days at Sandpoint Beach.
Such high water age results in longer periods that E. coli can remain in the environment,
and which can decay to lower concentrations. Knowing that most of the water travels from
the southern region of the lake with such high water age (Figure 3-9), results in low
concentrations of microbial contamination. The St. Clair River is very important because
of its dominant flow and total E. coli load inputs into the lake but high water age in the
southern and eastern parts of the lake determines the microbial concentration at Sandpoint
Beach.
For the second part of the contribution assessment, we obtained estimates of microbial
pollution concentration for all tributaries by using a hydrograph-scaled loading approach
to simulate their impact on microbial water quality of Lake St. Clair and Sandpoint Beach.
In the case of the St. Clair River, in general, the overall microbial contamination is lower
than that of many of the tributaries discharging to the lake. For instance, the annual reports
for water quality of The Lambton Area Water Supply System (LAWSS) show that the
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quality of water intake from St. Clair and Lake Huron was very good with the maximum
detected E. coli concentration in raw water of 10 CFU/100 ml in 2010 and 5 CFU/100 ml
in 2009. Based on E. coli data collected (from monitoring locations 21MICH_WQX740402 and 21MICH_WQX-740404) from the National Water Quality Monitoring
Council, the estimate of the E. coli concentration in 2010 summer months was obtained.
Most of the values are very low with the range of E. coli between 1 CFU/100 ml to 134
CFU/100 ml.
Healy et al. (2007) presented the microbial characteristic of the Clinton River in much more
detail. Data collected ranged from 10 to 10,000 CFU/100 ml with a median of 203 and 90th
percentile of around 1,000 CFU/100 ml. To estimate the E. coli concentration of the Clinton
River the hydrograph-scaled correlation based on 53 samples from 1989 to 2014 was
obtained and used. The estimated values for the simulation period are in the range of 182
CFU/100 ml to 1100 CFU/100 ml.
There is no current E. coli data from the Lower Thames Valley Conservation Authority
(LTVCA) stations but Thames River water quality at City of London is monitored regularly
with values ranging from 110 to 3,300 CFU/100 ml in 2010 (ZEAS, 2010). Correlation
between discharge flow and 138 samples of E. coli measurements at the mouth of the
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Figure 3-13: Spatial variation of maximum E. coli concentration at Lake St. Clair considering a
scaled based hydrograph estimation of E. coli concentration for each tributary, for different decay
rates (a) k=0.5 d-1, (b) k=0.7 d-1, (c) k=1.4 d-1 and (d) k=1.7 d-1.
Thames River from 2016 to 2018 (unpublished results; Tom Edge 2018) was used to
estimate the E. coli concentration for the simulation period.
In the case of the Sydenham River, a monitoring site in Wallaceburg is routinely tested for
bacteria. The E. coli concentration at Wallaceburg is reported to be very high (during the
summers of 2000 – 2008, 91% of the sampling had counts above the guidelines 100
CFU/100 ml). No detailed data was available for Sydenham River E. coli concentration,
hence due to the proximity and similarity of the Thames River watershed with Sydenham
River watershed, the same correlation for Thames River is applied to estimate its E. coli
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concentration. The estimated values for the simulation period are in the range of 10
CFU/100 ml to 3,850 CFU/100 ml with mean E. coli concentration of 1,492 CFU/100 ml.
Simulation results with first-order decay rates varying between 0.5 – 1.7 d-1 are illustrated
in Figure 3-13. The results show that when using the estimated E. coli concentrations in
the Thames, Sydenham, and Clinton rivers and the lowest decay rate of 0.5 d-1, the

Figure 3-14: (a) Time series of simulated (solid line) and measured (red dots: and green squares
WECHU weekly data) E. coli concentration (one-month simulation was zoomed for better
visualization) (b) Relative contribution of each tributary to simulated E. coli concentrations at
Sandpoint Beach (decay rate of k=0.5 d-1).
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maximum predicted E. coli concentrations in most of Lake St. Clair were <100 CFU/100
ml. A low E. coli zone in the southwestern part of the lake and near the location of
Sandpoint Beach can be observed. In addition, distinct areas with maximum predicted E.
coli concentrations >100 CFU/100 ml (orange and red color) can be observed in the eastern
and northwestern part of the lake near the confluences of the Thames, Sydenham and
Clinton rivers with Lake St. Clair, representing regions of greater impact or risk from
microbial pollution from these tributaries.
Time series of simulated E. coli concentration at Sandpoint Beach for the Summer of 2010
with the lowest decay rate of 0.5 d-1 is presented in Figure 3-14a. The simulations are
compared against one month of daily monitoring data (McPhedran et al., 2013) and weekly
monitoring data collected by Windsor Essex County Health Unit (WECHU). The
simulation shows the dynamics of predicted E. coli concentration with several peaks.
However, even with the lowest decay rate of 0.5 d-1, the maximum predicted E. coli
concentration at Sandpoint Beach from the combined input of the major tributaries is less
than 10 CFU/100 ml. The contributions of individual tributaries to E. coli concentrations
at Sandpoint Beach are expected to be dependent on the input concentration, flow
contribution and the time taken by that flow to reach Sandpoint Beach (water age). From
Figure 3-14a and based on the results presented in Figure 3-12a, all peaks > 1 CFU/100 ml
were dominated by the contributions of St. Clair River, except for three peaks that Thames
River contributed. This can be explained by the fact that about 98% of the water comes to
Sandpoint Beach from the St. Clair River with an average water age of more than 9 days
(except for some occasions when the water age is 4-5 days). The peaks occur when unique
weather conditions cause the water from St. Clair River to reach Sandpoint Beach faster
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Figure 3-15: Backward particle tracking on two different days (a) June 16th (12pm-6pm) and (b)
August 23rd (8am – 2pm); Each graph shows backward tracking of 24 particles released in 5
minute intervals during the mentioned hours.
than usual, as shown by the backward particle tracking for one such event on August 23rd
in Figure 3-15b.
With an input E. coli concentration of 100 CFU/100 ml and a decay rate of 0.5 d-1, when
the water ages are 9 and 5 days, this will result in E. coli reductions of about 99% and 92%,
respectively, which explains why the contributions of the St. Clair River to E. coli
concentrations at Sandpoint Beach is reduced to about 7 CFU/100 ml or lower. For the
Thames River, except for June 16th, Aug. 15th and Sept. 22nd, when the relative contribution
of the Thames River is higher than 70% (See Figure 3-14b), the contributions to E. coli
concentrations at Sandpoint Beach were calculated to be < 1 CFU/100 ml. This is due to a
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combination of dilution by the much larger flow from the St. Clair River and decay
resulting from the time taken for the flow to reach Sandpoint Beach. As shown with Figure
3-12, dilution alone can result in a minimum reduction factor of 24 (96% reduction) for E.
coli concentration. On June 16th, Aug. 15th, and Sept. 22nd, unique weather conditions cause
the water from the Thames River to more quickly reach Sandpoint Beach along the
southern edge of Lake St. Clair, as shown in the example of backward particle tracking for
June 16th in Figure 3-15a. The increased flow contribution and reduction in E. coli decay
(due to lower travel time) resulted in a maximum predicted contribution of about 2 - 8
CFU/100 ml by the Thames River to the E. coli concentration at Sandpoint Beach.
We studied two days in more detail using backward particle tracking to find the reason
behind the higher relative contribution of the Thames River on June 16th and the high
absolute and relative contributions of the St. Clair River on August 23rd (Figure 3-15). On
June 16th (Figure 3-15a), between noon and 6 pm, all the particles backtracked to the area
near to the Thames River. The simulation time shows that it takes about 3.5-5 days for the
water from Sandpoint Beach to backward track to the Thames River mouth. On the same
day, water from the St. Clair River has very low concentrations that dilute the Thames
River plume. On August 23rd, as can be seen from Figure 3-15b, between 8 am and 2 pm,
all the particles backward track to the channels of the St. Clair River. This is why the
absolute contribution of the St. Clair River for this day is very high at 7.2% (Figure 3-12c)
and its relative contribution is more than 99% (Figure 3-14b).
It is interesting to note that the geographical locations of the St. Clair and Thames rivers
with respect to Sandpoint Beach are such that their impact on E. coli concentrations are
never coincidental. The relative contributions of the various tributaries to E. coli
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contributions at Sandpoint Beach are shown in Figure 3-14b. When the contribution from
the St. Clair River is high (e.g. August 23rd), the contribution of the Thames River is low
at <1 CFU/100 ml. This is due to the high water age (> 20 days; Figure 3-9) of the St. Clair
River water near the Thames River confluence with Lake St. Clair (eastern/southeastern
part of Lake St. Clair) that allows for a greater decay in E. coli concentration. For the
Sydenham and Clinton rivers, a combination of dilution by the much larger flow from the
St. Clair River, and decay resulting from the time taken for the flow to reach Sandpoint
Beach, resulted in maximum predicted contributions to E. coli concentrations at Sandpoint
Beach to be less than 1 CFU/100 ml.
The simulation results presented in Figure 3-14a also show the predicted E. coli
concentrations to be quite dynamic, with significant variations from one day to the next.
This is in agreement with the observed daily monitoring data collected over a month during
the simulation period by McPhedran et al. (2013) and presented in Figure 3-14a (inset).
The rapid changes in total E. coli concentration (Figure 3-14) are caused by fast water
movement (mean west-east velocity of about 0.3 m/s, see Figure 3-10) in the area near
Sandpoint Beach. Flushing time describes the amount of time needed for the water in a
specific area to be replaced by surrounding water (Andutta et al., 2013; Shore et al., 2016).
Flushing times for the Sandpoint Beach over the Summer of 2010, calculated from model
simulations, were found to be short and varied between a few hours to half a day. Thus the
rapid changes in E. coli concentrations observed at Sandpoint Beach may be attributed to
it’s short flushing time by surrounding waters. In addition, water that passed through the
vicinity of the Sandpoint Beach has an average age of 19.3 days (see Figure 3-9a). The
quick flushing time and high water age suggest that (i) lake-wide contribution of E. coli to
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the nearshore results in a reduction of E. coli concentration (dilution effects), and (ii)
considering the decay rate of E. coli, with the high water age, the chance of survival for E.
coli entering the lake through the rivers before reaching Sandpoint Beach is very low. With
this high water age, the E. coli concentration decline more than a four-log reduction even
when using the lowest decay rate of 0.5 d-1. An important difference however is that while
there were several exceedances from 100 CFU/100 ml and one exceedance of a beach
closure value of 1000 CFU/100 ml in the measurement data from McPhedran et al. (2013)
and weekly sampling data collected by WECHU, the predicted E. coli concentrations from
the combined input of the major tributaries were only 8 CFU/100 ml or less.
The maximum predicted E. coli concentrations over a large area surrounding Sandpoint
Beach was <40 CFU/100 ml when using the lowest decay rate of 0.5 d-1. This clearly
indicates that the microbial pollution coming to Lake St. Clair from the four major
tributaries (St. Clair, Clinton, Thames, and Sydenham) have an insignificant impact on the
E. coli concentrations at Sandpoint Beach, and are not responsible for exceedances of
Ontario recreational water use E. coli guidelines observed at that beach. The one-month
monitoring data also has several E. coli measurements at Sandpoint Beach that are similar
to or within a factor of 5 of the maximum predicted E. coli concentration of about 8
CFU/100 ml (Figure 3-14a inset), which can be attributed to flushing by surrounding
waters. This suggests that the waters surrounding Sandpoint Beach are generally of good
quality with E. coli concentrations of < 40 CFU/100 ml, which is consistent with the model
predictions. Further, this implies that the E. coli exceedances observed at Sandpoint Beach
may be coming from more local sources.
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There are several much smaller streams in the Essex Windsor Region that enter Lake St.
Clair near Sandpoint Beach, and the contributions of these streams, either in terms of flows
or microbial pollution, to the larger Lake are expected to be negligible. However, they
could still have some influence in a local region surrounding their confluence with Lake
St. Clair. Storm events usually coincide with the high wave and wind speed that
subsequently may result in sediment resuspension and contribute to higher E. coli
concentrations. Ge et al. (2012) showed that deposition-resuspension cycles are responsible
for excessive bacterial contamination of beach water. In addition, E. coli can naturalize and
grow in the environment such as foreshore beach sand (Staley et al., 2018) and sediment,
which can add to the complexity of the processes and consequently lead to false positive
results in beach water microbial quality (Chan et al., 2015; Halliday and Gast, 2011; Ishii
et al., 2006; Whitman et al., 2014).
Higher E. coli observed in the nearshore area can be explained to some extent by
characteristics of nearshore waters, and needs more investigation. In particular, more turbid
water, which can be caused by the lower depth and higher water current resulting in higher
shear stress that leads to sediment resuspension, results in lower sunlight penetration in the
water column and hence lower deactivation rates. As might be expected, Lake St. Clair
showed very low E. coli mostly in the central and eastern basins, which contribute to the
nearshore region concentration by diluting and reduction of E. coli concentration.
In order to define the potential risk area for microbial contamination and also define the
safe zone in the lake, areas with a concentration equal to or higher than 1% of the input
concentration are presented in Figure 3-16a for all tributaries. Except for the St. Clair River
(showed by the blue color that covers most of the lake), other tributaries MPRA are very
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Figure 3-16: (a) Microbiological potential risk area for major tributaries of Lake St. Clair, (b)
Potential area that E. coli concentration is equal to or greater than 100 CFU/100 ml based on
maximum concentration.
small and rarely exceed 5km from the river mouth and shoreline. The MPRA of the St.
Clair River covers most of the Lake and its E. coli concentration is very low and never
exceeds 100 CFU/100 ml (see Figure 3-16b). As can be seen from Figure 3-16b, high E.
coli concentrations in each river are very quickly diluted by mixing with the very low E.
coli concentration in the lake water, so theoretically low concentrations will reach the area
adjacent to Sandpoint Beach. In addition to the dilution effect, E. coli concentration
decreases due to biological decay during the time it spends in the water. The longer the
period that water stays in the lake before reaching the shoreline of the beach, the lower
concentration of E. coli will be due to decay.
3.5

Summary and Conclusion

A three-dimensional high-resolution model based on the Aquatic Ecosystem Model
(AEM3D) modelling platform was successfully set up for Lake St. Clair, and showed
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reasonable agreement with previous studies for its circulation pattern, and its comparison
with observed surface water temperature for the summer of 2010 (June to September) and
ADCP data (summer 2016). The model can correctly simulate water temperature temporal
fluctuations (comparing with mooring data) and spatial fluctuations (comparing with
GLSEA data) during the modelling period. In addition to water temperature, flow through
the delta channels was also simulated, and found to be in good agreement with previous
work. Inputs from the St. Clair, Clinton, Thames and Sydenham rivers account for >99%
of all flows into Lake St. Clair. The Thames and Clinton rivers are dominant amongst
contributors from urbanized watersheds. Thus the four tributaries are expected to be the
dominant contributors to the inputs and budget of all fecal microbial pollution in Lake St.
Clair.
The AEM3D Model was used to study the temporospatial distribution of fecal microbial
pollution represented by E. coli as the fecal indicator bacteria, in Lake St. Clair and
Sandpoint Beach on the Canadian side. Estimates of fecal pollution were obtained for each
of the tributaries from literature and assumed constant for the entire simulation period. We
modelled the fate and transport of E. coli assuming it to be freely suspended using a lumped
parameter first-order decay function for a range of values obtained from the literature.
Model simulations show that the fate of fecal microbial pollution arriving in Lake St. Clair
from the four major tributaries is largely controlled by the flow and microbial concentration
in St. Clair River, and the death or decay of that pollution due to the time spent (water age)
in the Lake. In addition, E. coli simulations with hydrograph-scaled loading based
estimation in all the major tributaries (See Figure 3-13) reveals that the influence of the
Thames, Sydenham, and Clinton rivers on causing exceedance based on area or volume is
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quite limited even at the lowest decay factor of 0.5 d-1. This is due to a combination of
dilution by the St. Clair River water as well as decay due to water age.
For coastal regions (including beaches), the contributions of smaller flows and fecal
microbial pollution sources can be more significant from time to time than lake-wide
contributions if there is an opportunity for the pollution to travel along the coastal edge.
The extent of such influences depends on a combination of factors including coastal
proximity and weather conditions. Similar to Lake St. Clair, the microbial water quality at
Sandpoint Beach was found to be dominantly affected by waters from the St. Clair River
that travel along the southern edge. Sandpoint Beach is located in an area of high water age
and is least influenced by fecal microbial pollution from the four major tributaries.
The maximum predicted E. coli concentration from the combined input of the tributaries
is less than 10 CFU/100 ml at the lowest constant decay rate of 0.5 d-1, which is expected
to be a conservative estimate. Most of the predictions were dominated by the contribution
of the St. Clair River, except on three occasions when the contributions were dominated by
the Thames River under weather conditions that drove the flow more quickly from Thames
River to Sandpoint Beach along the coastal edge. However, the dilution due to St. Clair
River and decay due to travel time still allowed the predicted E. coli concentration to be
<10 CFU/100 ml. The results clearly indicate that the four major tributaries are not
responsible for the E. coli exceedances of the Ontario safety guidelines for recreational use
at Sandpoint Beach. The source or sources responsible for the exceedances observed need
further investigation.
The current study is part of an effort to develop mathematical models that are expected to
be useful, complementary and cost-effective additions to monitoring efforts in microbial
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source tracking, to help with better beach management, reduce economic loss due to beach
closures, and reduce risk to human health of beachgoers from recreational use of beach
waters. Despite the assumptions made in the modelling effort, it was useful in establishing
that the dominant part of fecal microbial pollution brought into Lake St. Clair, by the four
major tributaries, may be expected to have a limited or insignificant effect on the microbial
water quality in large parts of Lake St. Clair, including Sandpoint Beach.
To help answer other questions, a different or more detailed modelling effort may be
needed. For example, in the current study, E. coli is assumed to be freely suspended with
its death or decay represented by a lumped first-order decay coefficient, which was
assumed to be constant over time. However, E. coli decay or inactivation can also be
affected by other factors such as UV exposure from sunlight, grazing and die-off due to
water temperature and other chemical properties of water (pH, dissolved oxygen etc.)
(Brookes et al., 2004), and the effect is expected to be variable over time under the
conditions being modelled.
In cases where it may be important, the AEM3D modelling framework has the capabilities
that can allow for a time-dependent inactivation rate based on temperature, sedimentation,
solar insolation and water chemical properties- provided data is available to parameterize
the decay model. Further, it is known that sediment-associated E. coli can contribute to
increased concentrations in the water column in areas of high shear stress during significant
storm events. It has also been shown that a significant part of E. coli load in riverine inputs
to lakes during storm events could be associated with sediment particles that get mobilized
due to large flow velocities during such events (Droppo et al., 2011). However, except for
some simplistic settling-resuspension conditions, the AEM3D modelling framework
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currently does not have the capability to simulate sediment (cohesive and non-cohesive)
associated E. coli. Further model development would be required to simulate these more
complex fate and transport processes of E. coli, which is beyond the scope of the current
study.
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CHAPTER 4 MODELLING THE FATE AND TRANSPORT OF MICROBIAL
CONTAMINATION IN LAKE ST. CLAIR: THE EFFECT OF DECAY
DYNAMICS
4.1

Introduction

Lake St. Clair is part of the channel connecting Lake Huron and Lake Erie. This channel
serves as a recreational waterway, a source of drinking water for Detroit and surrounding
cities, as well as a shipping channel to Lakes Huron, Michigan, and Superior. Being
relatively shallow and having a large urban area and discharges from many tributaries along
the edge on the southern part of the lake, Lake St. Clair is especially susceptible to
microbial contamination. Lake St. Clair water quality is a significant concern for thousands
of people in Canada and the United States that rely on it for drinking, fishery, and
recreational purpose (Hamelin et al., 2007). Drinking water sources are commonly
impacted by both human and animal fecal contamination from the point and non-point
sources and, as a result, may contain pathogenic microorganisms, including bacteria,
viruses, Cryptosporidium oocysts, and Giardia cysts. Detection and enumeration of fecal
coliforms, E. coli, and Enterococcus are a typical method to measure the existence of fecal
contamination and also pathogenic organisms in surface waters. Higher levels of fecal
contamination of drinking water sources increase the potential of pathogenic
microorganisms surviving the drinking water treatment process and endangering public
health. In this regard, raw water is routinely measured for its water quality (e.g.,
bacteriology, turbidity, color, natural organic matter (NOM), and conductivity).
A comprehensive evaluation of potential sources of fecal contamination and their impact
on drinking water sources in Lake St. Clair is currently lacking. The prediction of microbial
contamination levels is required to provide data relative to the impact and timing of sources
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of fecal pollution which affect the drinking water source. To be able to prevent waterborne
disease outbreaks caused by focally contaminated drinking water, an accurate assessment
of the contribution from different sources to the total fecal contamination at the raw water
intake of a drinking water treatment plant is needed (Sokolova et al., 2013). Many studies
tried to use three-dimensional modelling to propose the alternative locations for the current
water intakes based on the circulation and spreading patterns of the incoming flows in the
lake (Elmoustafa, 2017; Na and Park, 2005). Microbial water quality modelling can allow
for better management of fecal contamination by helping to prioritize mitigation measures
based on the assessment of the contribution of different contamination sources to the fecal
contamination at the raw water intakes Sokolova et al. (2012b). In such condition, the
modelling approach can be used to provide more clear pictures of the water quality at the
location of water intakes.
Many studies used E. coli to model the microbial distribution in the lakes (Bonamano et
al., 2015; Chan et al., 2013; Liu et al., 2006; Sokolova et al., 2012b). In a simplified
approach, E. coli fate and transport is modelled using a constant decay rate based on
average conditions (Garcia-Armisen et al., 2006; Lin and Falconer, 2001). Such an
approach was applied recently for a preliminary assessment of contributions of the major
tributaries on the microbial water quality in Lake St. Clair and at a popular Beach
(Sandpoint Beach) in Windsor, Ontario, Canada (Madani et al., 2020). Different
formulations based on the different environmental variables such as water temperature,
turbidity, pH, dissolved oxygen, salinity, solar radiation, settling and resuspension,
grazing, predation and amount of nutrients of growth and mortality rate of enteric
organisms were also proposed (Brookes et al., 2004; Fiandrino et al., 2003; Hipsey et al.,
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2008; Hipsey et al., 2004; Liu et al., 2006). Many studies have shown that key
environmental factors such as changing water temperature over the simulation period and
solar insolation can dynamically influence E. coli decay rates and resulting concentrations
(de Brauwere et al., 2014; Liang et al., 2017; Liu et al., 2006).
Located in the northern hemisphere at a latitude of 42.46o N, Lake St. Clair experiences
significant changes in water temperature and solar insolation from one month to another.
Lake St. Clair is a source of drinking water to large populations in the United States and
Canada. Grosse, Mount Clemens, New Baltimore and Ira Township water treatment plants
(WTPs) take water from Lake St. Clair to supply drinking water to residents in the US,
while Lakeshore and Stoney Point WTPs supply drinking water to residents in Canada.
Thus temporal changes in E. coli decay and concentrations due to changes in water
temperature and diurnal variation in solar insolation could be important. In the current
study, a three-dimensional high-resolution hydrodynamic model based on the Aquatic
Ecosystem Model (AEM3D) modelling platform for Lake St. Clair is applied to model the
influence of the four major tributaries (St. Clair, Thames, Clinton, and Sydenham rivers)
on the microbial water quality (E. coli concentration) at the drinking water intakes of all
the WTPs. The fate of E. coli was modelled using two approaches, i) variable decay rate
based on water temperature and solar radiation (Approach 1) and ii) constant decay rate
based on average conditions, and the results obtained are compared and discussed.
4.2
4.2.1

Material and Methods
Study Area

Lake St. Clair is part of the Great Lakes region and split between the Canadian province of
Ontario and the state of Michigan in the United States (US). Its surface area is about 1114
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km2. About 59% (8988 km2) of the areal extent of watersheds that drain into Lake St. Clair
is on the Canadian side, with the remainder (6317 km2) on the US side (Baustian et al.,
2014). The bathymetry and location of major rivers (inlet and outlet), Lake St. Clair buoys,
and location of water treatment intakes are shown in Figure 4-1. The St. Clair River is the
main inlet of Lake St. Clair and delivers about 98.2% (5,200 m3/s) of the total inflow
(Holtschlag et al., 2008). Around 1% of the remaining inflow to the lake is contributed by
the next three largest tributaries: Thames River and Sydenham River in Ontario, Canada
and Clinton River in Michigan, US.

Figure 4-1: Map of Lake St. Clair and its bathymetry. Triangle symbols show the locations of
the moorings CLSM4 (42.471 N 82.877 W), LSCM4 (42.465 N 82.755 W) and 45147 (42.430
N 82.680 W)). Locations of water treatment plants intakes are identified by black stars
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Lakeshore (capacity = 36400 m3/day) and Stoney Point (capacity = 4545 m3/day) are two
water treatment plants that supply water to the town of Lakeshore, Ontario on the southern
side of Lake St. Clair. Other water treatment plants located on the US side include Grosse
Point Farms Highland Park (Grosse), Mount Clemens (Clemens), New Baltimore
(Baltimore) and Ira Township (Ira).
4.2.2

Bathymetry and Forcing Data

Lake St. Clair bathymetry, obtained from National Geophysical Data Center
(https://www.ngdc.noaa.gov/), has depths referenced to a generic datum of 176.784 meters
(580 feet). The original rectangular grid (cell sizes of ~70 m by ~90 m) was processed to
generate coarser 400 m uniform grids. Meteorological forcing data sets include wind
direction, wind speed, air temperature, humidity, atmospheric pressure, rainfall, and solar
radiation. Data is from the nearest stations (Windsor A. Station ID=4716; Windsor
Riverside Station ID=4715) and moored surface buoys (Buoy 45147 (42.430N 82.680W);
LSCM4 (42.465N 82.755W); CLSM4 (42.471N 82.877W)). Buoy 45147, which is
maintained by Environment and Climate Change Canada (ECCC), was used to fill out
missing wind direction and wind speed data and for model validation of water temperature.
Solar radiation data were obtained from the Canadian Regional Climate Model (CRCM5)
provided by the University of Quebec at Montreal (UQAM) (Huziy and Sushama, 2017).
It was assumed that the entire study area receives the same amount of solar radiation.
4.2.3

Inflows and Boundary Conditions

Flow and temperature data for the four major tributaries to the lake (Thames, Sydenham,
St. Clair, and Clinton rivers) and the outflow (Detroit River) were obtained from the nearest
gauged stations. The data on the E. coli load from the four major tributaries were estimated
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using measured data and a hydrograph-scaled loading approach. Detail information about
flow, water temperature and E. coli data and methods used for data processing are presented
in our previous paper (Madani et al., 2020).
4.2.4

Model Description

In the current study, the existing AEM3D (extended version of ELCOM-CAEDYM)
modelling framework for Lake St. Clair (Madani et al., 2020) was used over five months
(May-September) of 2010. The first month is considered as warm-up period and results are
not shown here. The AEM3D framework has been well documented (Hodges and
Dallimore, 2006) and previously applied for hydrodynamic modelling of various small and
large lakes and reservoirs (Imberger et al., 2017; Leon et al., 2005; Madani et al., 2020;
Mosley et al., 2015; Romero et al., 2004; Tranmer et al., 2018; Trolle et al., 2012; Valipour
et al., 2016; Valipour et al., 2018). More information regarding hydrodynamic model
preparation, boundary conditions for Lake St. Clair can be found in a recent study by the
authors (Madani et al., 2020). The hydrodynamic driver of AEM3D can be coupled with
Computational Aquatic Ecosystem Dynamics Model (CAEDYM) for investigations
involving biological, microbial and chemical processes. The pathogen module of
CAEDYM allows for incorporating the effects of temperature, salinity, pH, dissolved
oxygen, sunlight, nutrients and turbidity on the growth and mortality of microorganisms
(Hipsey et al., 2008).
4.2.5

Analysis Approach for E. coli

Fate and transport of E. coli released from major tributaries of Lake St. Clair were
simulated using the developed hydrodynamic and water quality model, taking the decay of
the E. coli into account. E. coli concentrations were simulated using the first-order decay
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rate based on two approaches: i) variable decay rate using the pathogen module of
CAEDYM and ii) constant decay rate. The governing equation that explains the transport
of the E. coli has the following general form:
dC 


(CU j ) 
dt x j
x j

 C 
  j
  Cin  Cout  KC

x
j 


(1)

Where 𝐶 denotes the E. coli concentration (𝑜𝑟𝑔𝑠⁄𝑚3 ), 𝑡 is time, 𝑥𝑗 is the distance in the
𝑗𝑡ℎ dimension (m), 𝑈𝑗 is the velocity in the 𝑗𝑡ℎ dimension (𝑚/𝑠1 ), 𝜅𝑗 is eddy-diffusivity,
𝐶𝑖𝑛 and 𝐶𝑜𝑢𝑡 are the inflow and outflow fluxes (𝑜𝑟𝑔𝑠⁄(𝑚3 𝑠)) and 𝐾 is the overall decay
rate.
In the first approach (Approach 1), the dynamic fate of E. coli was modelled using the
pathogen module of CAEDYM, using the empirical formulation proposed by Hipsey et al.
(2008), which is based on experimental results from several studies. Within the
formulation, the time-dependent decay rate was modelled as a function of water
temperature and sunlight intensity with different bandwidth. It was assumed that the solar
radiation incident is encompassing visible-light 45%, UV-A 3.5%, UV_B 0.5% and rest
are Near-Infrared bandwidths. Due to a lack of available data, the effect of pH, salinity,
dissolved oxygen and nutrients was not considered. The overall decay rate 𝐾 in Eq. 1 in
the first approach was expressed as:
𝐾 = 𝐾𝑇 + 𝐾𝑙 + 𝐾𝑝 − 𝐾𝑔

(2)

where 𝐾𝑇 is the natural mortality or die-off rate due to water temperature and can be
expressed as the Arrhenius expression:
𝐾𝑇 = 𝑘𝑑20 𝜃 𝑇−20

(3)
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where 𝑇 is the temperature (°𝐶), 𝑘𝑑20 is the dark death rate at 20 °𝐶 in freshwater and 𝜃
controls the sensitivity of 𝐾𝑇 to water temperature change.
In Eq. 2, 𝐾𝑙 is total die-off due to exposure to sunlight with different bandwidth. It takes
the form:
𝑁

1− 𝑒 − 𝜂𝑏 Δ𝑧

𝐵
𝐾𝑙 = ∑𝑏=1
φ 𝑘𝑏 𝑓𝑏 𝐼0 (

𝑒 − 𝜂𝑏 Δ𝑧

)

(4)

where 𝑁𝐵 is the number of discrete solar bandwidths to be modelled which here is 3
(visible, UV_A and UV-B), b is the bandwidth class [1, 2, .. ., NB], 𝑘𝑏 is the freshwater
inactivation rate coefficient for exposure to the 𝑏 𝑡ℎ class (𝑚2 𝑀𝐽−1 ), φ is a constant to
convert units from seconds to days and 𝐽 to 𝑀𝐽 (=8.64 × 10−2 ). In Eq. 4, Δ𝑧 is the depth
of the computational cell and 𝜂𝑏 is the extinction coefficient for each bandwidth region
which governs how incident light is attenuated within the water column according to the
Beer Law. Details about the other parameters and range of parameters are presented by
Hipsey et al. (2008).
𝐾𝑝 is a simple temperature-dependent inactivation of enteric organisms due to predation
and grazing:
𝐾𝑝 = 𝑘𝑝20 𝜃𝑝𝑇−20

(5)

where 𝑘𝑝20 is the minimum rate due to predation at 20 °𝐶 and 𝜃𝑝 accounts for the sensitivity
of predation to water temperature. Finally 𝐾𝑔 is the growth rate:
2

𝐾𝑔 = 𝜇𝑚𝑎𝑥 [𝑐𝑇1 (𝑇 − 𝑇𝑚𝑖𝑛 )(1 − exp(𝑐𝑇2 (𝑇 − 𝑇𝑚𝑎𝑥 )))]

(6)

where 𝜇𝑚𝑎𝑥 is the maximum growth rate at 20 °𝐶 and 𝑐𝑇1 , 𝑐𝑇2 , 𝑇𝑚𝑖𝑛 and 𝑇𝑚𝑎𝑥 are speciesspecific constants controlling the exact shape of the growth function.
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Using Eq. 2, solar radiation data, and the available simulated water temperature, the decay
rate for each computational cell and the whole simulation period was calculated. In the
second approach (Approach 2), the net reduction in E. coli concentration was simulated as
a tracer with a constant decay rate. The constant decay rate (k=0.9 d-1) in Approach 2 was
obtained by averaging the decay rate using Approach 1 over all the cells and the simulation
period.
4.3
4.3.1

Results and Discussion
Lake-wide Hydrodynamics

The model predicted hydrodynamics in Lake St. Clair was in good agreement with previous
studies for lake circulation pattern, as was shown in a recent study by the authors (Madani
et al., 2020). The study also showed a high degree of agreement between the observed and
model-predicted temporal and spatial distribution of temperature in the lake.

Figure 4-2: a) Comparison of the overall decay rate at six locations of water treatment plants in
Lake St. Clair and b) mean overall decay rate at Lake St. Clair during the simulation period.
Circles show the location of the water treatment plants.
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4.3.2

Temporal and Spatial Variability in E. coli Decay

As decay rate components are either a function of water temperature or solar insolation,
they are changing during the simulation time and in different locations of the lake. Figure
4-2a shows the temporal variation of the total decay rate at six locations of water treatment
intakes indicated in Figure 4-2b. Total decay rates in June and September are lower than
the average decay rate (k=0.9 day-1). Although the trend for all the locations is similar,
decay rate at Stoney Point water treatment plant (SP_WTP) and Lakeshore water treatment
plant (LS_WTP) and most of the southern shoreline is similar to the decay rate in the
eastern region of the lake but is statistically different from the decay rate at the northwest
part of the lake where New Baltimore and Ira Township water intakes are located. The
decay rates at locations of southern and northwest regions have more differences during
the July month. Figure 4-2b presents the spatial variation of the mean total decay rate over
the simulation period. E. coli survival rates are dependent on temperature (Blaustein et al.,
2013). As the solar radiation for the entire study domain was assumed to be uniform, the
spatial variation and rapid changes in decay rates can be explained by the changes that were
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Figure 4-3: Mean E. coli concentration of Lake St. Clair for the simulation period (June - September
2010) using a) formulated decay rate b) constant decay rate k= 0.9 d-1. Numbers show the location of
the water treatment plants intakes as illustrated in Figure 4-1.

observed in water temperature (Madani et al., 2020). However, water temperature is
strongly influenced by temporal variations in incident solar radiation.
4.3.3

Lake-wide Microbial Water Quality

The comparison of mean simulated E. coli concentration using the two approaches over
the entire period (June- September 2010) is presented in Figure 4-3. Spatially both
approaches show a similar pattern in mean E. coli concentration in the lake, with higher E.
coli concentration in the northwest as compared to that in the middle and southern regions
of the lake. Figure 4-4 shows the mean contribution of each tributary to E. coli
concentration in the lake for the simulation period. The contribution from different
tributaries to the predicted E. coli concentrations at the various raw water intakes is seen
to be variable and it is a function of the contaminant load from, and proximity to the
tributaries.

113

Modelling The Fate And Transport Of Microbial Contamination In Lake St. Clair: The Effect Of Decay Dynamics

Sydenham River, compared to the other tributaries, has a little effect and contribution to E.
coli concentration in the lake, especially at the location of the water intakes. For the two
water intakes at the northwest part of the lake, St. Clair River is the dominant contributor.
At Mount Clemens WTP, the contribution is split between St. Clair and Clinton rivers. At

Figure 4-4: Contribution of a) Thames River, b) Sydenham River, c) St. Clair River and d)
Clinton River to mean E. coli concentration in Lake St. Clair. Figures in the left column show
results with the time-variable decay rate (implemented in CAEDYM). Figures in the right
column show results using constant decay rate based on average conditions. Numbers show the
location of water treatment plants intakes as were shown in Figure 4-1.
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the Stoney Point WTP, the contribution of Thames River is much higher despite St. Clair
River being the dominant flow and microbial loading contributor to the lake. Similar to
Figure 4-3, while the overall pattern of contributions from the various tributaries to
predicted E. coli concentrations were similar using the two approaches, there were some
differences observed due to variable water temperature and sunlight as discussed in
Sections 4.3.4 and 4.3.5.
4.3.4

Effect of Water Temperature

The monthly variation of E. coli concentration at six water intakes using two approaches
is presented in Figure 4-5a and the relative difference between the two is shown in Figure

Figure 4-5: Comparison of predicted E. coli concentrations using Approach 1 and 2. a)
Monthly average concentration of E. coli calculated using Approach 1 (solid color) and
Approach 2 (pattern filled color) at various WTPs; and b) relative difference between two
approaches as compared to Approach 1.
115

Modelling The Fate And Transport Of Microbial Contamination In Lake St. Clair: The Effect Of Decay Dynamics

Figure 4-6: Monthly-averaged simulated water temperature at the water treatment plant
intakes. The blue dashed line shows the average water temperature of Lake St. Clair for the
simulation period.
4-5b. The monthly maximum predicted E. coli concentration at any of the WTPs was < 10
CFU/ 100 ml which suggests that the microbial water quality at none of the WTPs is
significantly impacted by the microbial loadings from the four major tributaries. Amongst
the WTPs, the predicted E. coli concentrations were largely determined by their proximity
to the St. Clair River. Those sites that are much closer (e.g. Baltimore, Ira, and Clemens
WTPs) had much higher predicted E. coli concentrations than Lakeshore and Stoney Point
WTPs. Except for Baltimore and Ira, where July month has the highest E. coli
concentration, the predicted E. coli concentrations were highest in June for all the WTPs.
While the mean results presented in Figure 4-4 are quite similar, significant month to month
variation in predicted E. coli concentration is seen using the two approaches. Figure 4-5b
shows that the predicted E. coli concentrations at various WTPs assuming a constant decay
rate (Approach 2) for June and September are 25 – 74% lower as compared to assuming a
variable decay rate (Approach 1). At all the sites except for Ira WTP intake, the relative
116

Modelling The Fate And Transport Of Microbial Contamination In Lake St. Clair: The Effect Of Decay Dynamics

Table 4-1: Comparison of monthly average E. coli concentration during day and night for
different water treatment plant intakes. a) Using time-dependent decay rate and b) the
constant decay rate
(a)
June
July
August
September
Avg.
RD (%)

(b)
June
July
August
September
Avg.
RD (%)

WTP_SP
Night
1.8
0.2
0.2
0.6
0.7
37

Day
1.3
0.1
0.0
0.4
0.4

WTP_SP
Night
1.3
0.3
0.1
0.3
0.5

Day
1.0
0.4
0.2
0.3
0.4
9

WTP_LS
Night
0.4
0.2
0.2
0.3
0.3
68

Day
0.2
0.0
0.0
0.1
0.1

WTP_LS
Night
0.1
0.3
0.3
0.1
0.2
-1

Day
0.1
0.3
0.2
0.1
0.2

Grosse
Night
2.4
1.5
0.7
1.5
1.5
48

Day
1.6
0.6
0.0
1.0
0.8

Grosse
Night
1.4
1.6
0.4
0.5
1.0

Day
1.3
1.4
0.5
0.6
1.0
5

Clemens
Night
4.6
1.6
1.0
3.1
2.6
21

Day
4.1
0.8
0.3
2.9
2.0

Clemens
Night
3.4
2.3
0.7
1.5
2.0
-5

Day
3.2
2.7
0.7
1.8
2.1

Baltimore
Night
3.5
5.4
1.4
2.8
3.3
33

Day
2.3
4.6
0.1
1.7
2.2

Baltimore
Night
2.1
7.2
0.8
1.4
2.9
-2

Day
2.2
7.4
0.9
1.4
3.0

Ira
Night
1.5
3.3
0.8
2.4
2.0
35

Day
1.0
2.5
0.2
1.5
1.3

Ira
Night
0.9
4.4
0.6
1.2
1.8
12

Day
0.9
3.8
0.6
1.0
1.6

difference between the two approaches is the highest for July month. These observations
can be explained by monthly water temperature variation in the lake. Figure 4-6 shows the
monthly averaged simulated water temperature at the water treatment plant intakes. For
June and September, the two months that the E. coli concentration in the first approach is
higher, water temperatures at the various WTPs are lower than the average. When the water
temperature is low, according to the Eqs. 3 and 5 the rate of mortality and predation is
lower and hence predicted E. coli is higher using Approach 1. Although increasing water
temperature can slightly increase the growth rate, the rate of increasing mortality and
predation is always higher than the growth rate. Water temperatures higher than average
are observed during July and August, resulting in 12 – 148% lower predicted E. coli
concentration using variable decay rate in Approach 1.
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4.3.5

Effect of Solar Radiation

As formulated in Eq. 4, inactivation of E. coli by sunlight occurs mainly due to visible,
UV-A and UV-B wavelengths. The impact of sunlight is included in decay rate calculation
under Approach 1 using Eq. 4, with day defined as 8 am - 8 pm, and night as 8 pm - 8 am
when there is no contribution due to sunlight inactivation. Monthly averaged day and night
E. coli concentration for all the sites using the two approaches are presented in Table 4-1.
The results (Table 4-1a) show that due to the absence of sunlight inactivation, the average
predicted E. coli concentrations during nighttime are 21 – 68% higher as compared to the
daytime for the various WTPs. As can be seen from Table 4-1b, no particular pattern can
be found when the constant decay rate is used to simulate E. coli concentration. While the
effect of sunlight is averaged out in Approach 2 by using constant decay rate, a small
variation of 5 – 12% is still seen, which may be attributed to differences in hydrodynamics
during day and nighttime. Sunlight is a major factor influencing the persistence of
organisms in environmental waters and its impact on E. coli was studied in several studies
(Chan et al., 2015; Liang et al., 2016; Liu et al., 2006; Sokolova et al., 2012a).
4.4

Conclusion

In the current study, a three dimensional hydrodynamic model for Lake St. Clair was
applied to examine the effect of water temperature and sunlight (Approach 1) on temporal
and diurnal microbial water quality at several drinking water intakes during Summer 2010
as contributed by the four major tributaries. The results were compared with those
assuming average conditions (Approach 2). The results show that while the overall patterns
were similar, a 12 – 148% difference in predicted E. coli concentrations at the various
WTPs were observed between the two approaches. The differences observed were different
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at each of the WTPs and varied temporally. Predicted E. coli concentrations using
Approach 1 were higher during June and September, and lower during July and August, as
compared to Approach 2. Average nighttime E. coli predictions were 21 – 68% higher as
compared to daytime levels. These results suggest that varying water temperature and
sunlight can significantly affect the dynamics of microbial water quality. Decay rate
formulations including these effects are thus maybe preferable in microbial water quality
models and should be used over assuming constant rates wherever possible.
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CHAPTER 5 MICROBIAL MODELLING OF LAKE ST. CLAIR: IMPACT OF
LOCAL TRIBUTARIES ON THE SHORELINE WATER QUALITY
5.1

Introduction

Fecal pollution of surface water resources is a global issue of concern. The greatest risks
are associated with the ingestion of water that is contaminated with water-borne pathogen
contamination from human or animal feces (Pandey et al., 2014; WHO, 2003). Detection
of waterborne fecal pathogens is very difficult and costly, and thus not recommended as
part of a regular monitoring program. Hence, various fecal indicator bacteria (FIB), such
as Escherichia coli (E. coli) are usually used to detect fecal pollution in natural waters
(Health-Canada, 2012; USEPA, 2012; WHO, 2017).
In Canada, raw drinking water sources and recreational water are assessed through routine
monitoring of E. coli (Health-Canada, 2012, 2020). Although monitoring for E. coli can
provide good information that can be used in assessing microbiological risks and treatment
requirements for surface water sources, it has several limitations that need to be addressed.
For example, in large water bodies with upstream watersheds impacted by human and
animal fecal pollution, significant fecal microbial pollution is mobilized into their
tributaries during storm events. This results in a significant and dynamic increase in
microbial loadings to the receiving waters. Such changes in the loads produce dynamic and
unexpected changes in the microbial water quality of the receiving water body, which are
difficult and costly to capture through monitoring studies. Additional monitoring obstacles
include requirements for equipment, laboratory and field technicians, and the fact it cannot
help identifying potential sources of fecal pollution, which could aid in its practical
management.

123

Microbial Modelling of Lake St. Clair: Impact of Local Tributaries On the Shoreline Water Quality

To overcome the monitoring limitations of monitoring, mechanistic mathematical models
can be used that can link pollution sources to receptors as a function of changing
environmental conditions. Such models can be calibrated and tested using the monitoring
data collected. They then can be very useful tools for water resources managers to predict
and control expected water quality changes at water intakes, or to identify and control
potential sources of pollution. Models can also provide a platform to compare the
effectiveness of source water protection or hazard control measures at a fraction of the cost
and time required to build and test them, to select the ones that may give the best value for
the money. Many mechanistic models have been developed and applied to simulate fate
and transport of microbial pollution in water bodies (Bonamano et al., 2015; Bravo et al.,
2017; Garcia-Armisen et al., 2006; Liu et al., 2006; Muirhead and Monaghan, 2012; Safaie
et al., 2016). These models have demonstrated better spatial and temporal resolution of FIB
distributions at a lower cost when combined with judicious monitoring.
Lake St. Clair is a precious natural resource that provides drinking water for millions of
people in the United States and Canada and numerous recreational opportunities. The water
quality concerns in Lake St. Clair include pathogens, toxic contaminants and
eutrophication. Although there have been some studies that examined hydrodynamic
and/or nutrient transport modelling (Anderson et al., 2010; Bocaniov and Scavia, 2018;
Healy et al., 2007; Holtschlag and Koschik, 2002), to the best of our knowledge there is no
study on 3D microbial water quality modelling for Lake St. Clair. Accounting for >99.5%
of flows into Lake St. Clair, the four major tributaries (St. Clair, Sydenham, Thames and
Clinton) are also the dominant contributors of microbial pollution to the Lake. In a recent
study by (Madani et al., 2020a), a high-resolution 3D hydrodynamic model was developed

124

Microbial Modelling of Lake St. Clair: Impact of Local Tributaries On the Shoreline Water Quality

using the Aquatic Ecosystem Model (AEM3D) modelling platform and applied to assess
the impact of microbial pollution from the four major tributaries on microbial water quality
in the lake as well as on a popular beach (Sandpoint Beach, Windsor, Ontario, Canada)
located on the southern edge of the lake. The results showed that in a large part of the lake,
starting from the middle of the lake to the southern shoreline, the maximum predicted E.
coli concentration from the combined input of the four major tributaries was very low at <
10 CFU/100 ml.
Eight small but seasonally significant tributaries of widely varying drainage areas and
hydrologic features (hereafter referred to as “small tributaries”) discharge into Lake St.
Clair along the southern shores. The flow and pollution load from these small tributaries
are expected to be negligible in the context of the larger lake, and therefore have been
ignored or not studied comprehensively in previous hydrodynamic and water quality
modelling studies of Lake St. Clair (Anderson et al., 2010; Bocaniov and Scavia, 2018;
Healy et al., 2007; Holtschlag and Koschik, 2002; Madani et al., 2020a). However,
monitoring by Essex Region Conservation Authority (ERCA) and Provincial (Stream)
Water Quality Monitoring Network (PWQMN) provides evidence of frequent occurrence,
and at times appreciable high levels of E. coli in these tributaries (ERCA, 2015). There are
two popular public beaches on, and two drinking water intakes close to, the southern shores
of Lake St. Clair. The potential impact of one or more of the small tributaries on the
microbial water quality at the two beaches or the drinking water intakes is currently
unknown.
In general, many laboratory and field investigations have been conducted to examine
environmental and ecological variables affecting E. coli decay, and the derived
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relationships are being included in microbial water quality models. In another recent study
on Lake St. Clair, Madani et al. (2020b) showed that a time-dependent decay rate using
such relationships may be expected to give more realistic predictions than using a
conservative estimate based on literature values. Such relationships are been included in
an ecological modelling framework and then coupled with hydrodynamic models for
microbial water quality modelling (Brookes et al., 2004; Chen and Liu, 2017; Cho et al.,
2016; Gao et al., 2015; Hipsey et al., 2008).
Overall the fate and transport of microbial pollution in a lake environment are influenced
by hydrodynamics, microbial load (from tributaries), and die-off rate (decay) of the
microbes which depend on the environmental conditions and physicochemical
characteristics of the water body. The primary objective of the current study was to
examine the added impact of the eight small tributaries along the southern shores of Lake
St. Clair on the microbial water quality in Lake St. Clair during the summer of 2016,
particularly in the area surrounding the southern shoreline. The hydrodynamic was
simulated using the high-resolution AEM3D hydrodynamic model developed in our
previous study (Madani et al., 2020a) and adapted for 2016. The fate of E. coli was
modelled using CAEDYM (Computational Aquatic Ecosystem DYnamics Model),
available within the AEM3D modelling framework. Decay formulation based on water
temperature and solar radiation that accounts for dark mortality rate, light inactivation,
growth and predation in the environment was implemented. The spatiotemporal features of
impacts on the flow and water quality at the shoreline adjacent to the tributary outlets were
investigated. Modelling results predict the areas of highly E. coli across the southern
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shoreline of Lake St. Clair and help identify the contribution extent of each tributary to
microbial pollution in the region.
5.2
5.2.1

Data and Methods
Study Site:

The geographic extent of this study is limited to the Lake St. Clair (42°17'33.23"42°41'46.02" N- Latitude, 82°25'9.32"- 82°55'45.59"W-Longitude). A subsection of the
southern shoreline - an approximate 40 km of shoreline from the mouth of the Thames
River to Sandpoint Beach - is of interest for a more detailed analysis of shoreline water
quality and environmental conditions (Figure 5-1). This shoreline also encompasses the
two Lake St. Clair beaches: Sandpoint Beach (42°20'19.41" N, 82°55'8.61" W) is a 300 m
long and relatively shallow (2 m) beach located at the mouth of the Detroit River; and
Lakeview Park West Beach (42°17'51.10"N, 82°42'41.61"W) (LP Beach), located in the
mouth of the Belle River, is a small (150 m long) but still a popular beach in the region
especially because of the adjacent Belle River Marina. According to the Windsor-Essex
County Health Unit (WECHU) report and field measurements, both beaches are frequently
posted as unsafe for water recreation for the summer seasons due to incidents involving
high bacterial counts (McPhedran et al., 2013).
5.2.2

E. coli Data:

E. coli data for Lake St Clair and Thames River was obtained over the 2016-2018 sampling
season (unpublished results; Tom Edge 2018). Samples were collected by boat at sites a
few hundred meters offshore, usually associated with river mouths. Sampling sites are
illustrated in Figure 5-1.
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Figure 5-1: Map of Lake St. Clair and its bathymetry. Triangle symbols show the locations of the
moorings (CLSM4 (42.471 N 82.877 W), LSCM4 (42.465 N 82.755 W) and 45147 (42.430 N
82.680 W)). Location of Sandpoint Beach and Lakeview Park Beach (LP) are identified by black
stars. Bathymetric data are in meters and all major tributaries are labelled on the map. Small
tributaries are a) Pike Creek, b) Puce Creek, c) Belle River, d) Duck Creek, e) Moison Creek, f)
Ruscom River, g) Stoney Point drainage area and h) Little Creek.
More E. coli data was obtained from the water treatment plants in the region. Lakeshore
water treatment plant (LS_WTP) with a treatment capacity of 36,400 m3/day, located near
the Belle River and Stoney Point water treatment plant (SP_WTP) with a rated treatment
capacity of 4,545 m3/day is located near the Stoney Point drainage area (Figure 5-1) draw
their source waters from Lake St. Clair. For both treatment plants, E. coli sampling from
the raw water typically occurred on a weekly basis.
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5.2.3

Bathymetry, Forcing Data and Flow and E. coli Boundary Conditions:

The bathymetry, sourced from National Geophysical Data Center (https://www.ngdc.noaa
.gov/), has depths referenced to a generic datum of 176.784 meters (580 feet) and is a
rectangular grid with cell sizes of ~70 m by ~90 m that was processed into coarser grid size
of 400 m uniform grids. Meteorological forcing data sets include wind direction, wind
speed, air temperature, humidity, atmospheric pressure, rainfall, and solar radiation. Data
is from the nearest stations (Windsor A. Station ID=4716; Windsor Riverside Station
ID=4715) and moored surface buoys (Buoy (West Erie) 45005 (41.677 N 82.398 W); Buoy
45147 (42.430N 82.680W); LSCM4 (42.465N 82.755W); CLSM4 (42.471N 82.877W)).
Buoy 45147, which is maintained by Environment and Climate Change Canada (ECCC),
was used to fill out missing wind direction and wind speed data and for model validation
of water temperature. Solar radiation data were obtained from the Canadian Regional
Climate Model (CRCM5) provided by the University of Quebec at Montreal (UQAM)
(Huziy and Sushama, 2017).
Flow and temperature data of the four major tributaries to the lake (Thames, Sydenham,
St. Clair, and Clinton Rivers) and the outflow (Detroit River) were obtained from the
nearest gauged stations as described in the previous paper (Madani et al., 2020a) for the
year 2016. The boundary condition for Thames River is based on the data from site T0 at
the river mouth. In the case of small tributaries (Pike Creek, Puce River, Belle River Duck
Creek, Moison Creek Ruscom River and Stoney Point drainage area and Little Creek) the
observed flow is only available for Ruscom River at one station (02GH002). Flow for other
tributaries was obtained using their watershed area ratio to the Ruscom River watershed.
E. coli data for small tributaries are limited to few grab samples collected by ERCA and
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PWQMN. LOADEST was used to correlated flow with E. coli to obtain time series of E.
coli concentration for each tributary. Information of mean, max and 90th percentile E. coli
concentration from all tributaries are presented in Table 5-S1 in Appendix 5-1.
5.2.4
5.2.4.1

Modelling Framework:
Hydrodynamic Driver and Ecological Model

In the current study, ELCOM (Estuary and Lake COmputer Model), an advanced threedimensional model, was used as the hydrodynamic driver and coupled with CAEDYM for
modelling pathogen transport in Lake St. Clair. The simulation period is from 1 May 2016
until 7 October 2016, encompassing a range of meteorological and E. coli occurrence
events. The first month is considered as warm-up period and results are not shown here.
ELCOM-CAEDYM

is

presently

available

as

AEM3D

from

Hydronumerics

(http://hydronumerics.com.au/) simulate three-dimensional transport and interactions of
flow physics, thermodynamics and ecology in the reservoir. It has been successfully
applied to many large lakes around the world (Caramatti et al., 2020; Romero et al., 2004;
Silva et al., 2014) and Great Lakes including Lake St. Clair (Bocaniov and Scavia, 2018;
Madani et al., 2020a), Lake Erie (Leon et al., 2005; Leon et al., 2011; Oveisy et al., 2014;
Valipour et al., 2016) and Lake Ontario (Leon et al., 2012; Paturi et al., 2015) and a review
of the coupled model system has recently been performed by Trolle et al. (2012).
5.2.4.2

Decay Formulation

A detailed description of the configuration of AEM3D used here and its validation against
previous studies and observation data such as water temperature for 2010 is presented in
detail in (Madani et al., 2020a).
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In the current study, we assumed the survival of E. coli is dependent on several factors
including physio-chemical (abiotic) (e.g. temperature, and sunlight) and biological (biotic)
factors (e.g. growth and also predation in the presence of other competing predation, and
grazing by larger eukaryotic organisms such as protozoa ((Byappanahalli et al., 2012;
Hipsey et al., 2008; Ishii and Sadowsky, 2008).
A detailed description of the formula we used for each of the parameters of decay and
growth rate are presented by Hipsey et al. (2008), as summarized in Section 4.2.5.
5.2.4.3

Relative Contribution of Tributaries to Flow and E. coli Concentration

The flow contribution of each tributary is defined as the relative quantity of water received
from the inflow of that tributary to the location of concern. To calculate this a conservative
soluble tracer is used to simulate the distribution of the effluent plume. Different tracers
are defined for each tributary and their concentration set to unity for all the tributaries, so
it represents the inflow. The conservative tracer with zero decay rate is employed so that
the impacts of receiving water hydrodynamics isolated from those associated with decay
processes.
To calculate the relative contribution of tributaries to the E. coli concentration at different
sites, a similar process is repeated but the tracer concentration for each tributary are set to
the estimated E. coli concentration and decay rate considered to be equal to 0.9 d-1 which
is obtained from the average condition during the simulation period according to the Eq. 2
in Section 4.2.5. Flow and E. coli contribution of each tributary at a point in the lake can
be expressed mathematically as:
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Relative flow or E. coli contribution  %  

Ctribi
N

C
i 1

100

(1)

tribi

where Ctrib is the tracer concentration receiving from tributary i at the location of interest
i

and N is the number of tributaries.
5.3
5.3.1

Results and Discussion
Lake Hydrodynamic:

The model predicted circulation pattern and currents in Lake St. Clair were in good
agreement with previous studies for the lake, as was shown in a recent study by the authors
(Madani et al., 2020a). We also showed a high degree of agreement between the observed
and model-predicted temporal and spatial distribution of water temperature in the lake.
5.3.2

E. coli Distribution in Lake St. Clair and Effect of Small Tributaries

Model simulations were carried out with and without several small tributaries along the
southern edge of Lake St. Clair shown in Figure 5-1, and the results for maximum, 90th
percentiles and mean are predicted E. coli concentration presented in Figure 5-2. The
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Figure 5-2: (a) Max, (b) 90th percentile, and (c) mean predicted E. coli concentrations in Lake St.
Clair over June 1st to October 7th, 2016 with (left) and without (middle) considering small
tributaries. The graphs on the right show the difference between the two.
results show that while the predicted E. coli concentrations for much of Lake St. Clair are
not significantly influenced by the small tributaries, their impact on a narrow nearshore
region along the southern edge is quite significant. The similarity in regions of influence
seen for the 90th percentile and mean differences in E. coli concentrations (Figure 5-2b, c)
shows that in this region, the influence of the small tributaries is significant most of the
time. Occasionally the influence can extend beyond this narrow nearshore region, as seen
for the maximum (Figure 5-2a), but are relatively rare. High water age (Madani et al.,
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2020a) and high decay rate in the middle, south and southeastern part of the lake are
responsible for lower E. coli count in those regions.
Limited E. coli monitoring data in the nearshore region is available from the field
measurement (unpublished paper; Tom Edge, 2018) and the two Town of Lakeshore water
treatment plants. The locations of the sites are shown in Figure 5-1. A comparison of the
time series of model simulated results with and without the inclusion of the small
tributaries, and these limited observations is shown in Figure 5-3. For Sites 134, 135, 136
and the two drinking water intakes, observed E. coli concentration are <10 CFU/100 ml
most of the time, which is in good agreement with model results. The E. coli concentrations
simulated without the inclusion of the smaller tributaries were close to zero most of the
times, with occasional spikes of <4 CFU/100 ml. More spikes in simulated E. coli
concentrations were seen with the inclusion of the smaller tributaries, occasionally ranging
between 10 – 60 CFU/100 ml, which are in better agreement with the observations. These
sites are thus significantly influenced by microbial pollution from the smaller tributaries.
The higher E. coli concentrations at these sites as a result of this influence, ranging between
20 – 60 CFU/100 ml, are predicted during a significant rainfall event (See Appendix 5:
Figure 5-S2 for rainfall data) near the end of September 2016. Results of simulated E. coli
concentration with and without the inclusion of small tributaries at Site S140 are very
similar, except for occasional differences, and also are in good agreement with
observations. This site is on the northeast of and close to Thames River, which is one of
the major tributaries and included in both models. It is also farther away from the smaller
tributaries as compared to most of the other sampling sites. The results suggest that the site
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Figure 5-3: Time series of simulated E. coli concentration with (blue solid line) and without (black
solid line) considering small tributaries and its comparison with measured data at different
locations. In c) and d) observations that are reported as <10 CFU/100 ml (filled green diamonds)
are shown as 5 CFU/100 ml for illustration.
is dominantly influenced by Thames River, with little to no influence of the smaller
tributaries, most of the time which explains the lack of difference observed in the model
results. The smaller tributaries can have some influence on the E. coli concentrations during
unique weather conditions.
The range and mean observed concentrations at the various sites are compared with various
model simulations in Figure 5-4. The simulations with small tributaries (ST) include those
with a time-variable decay rate (predicted using CAEDYM; orange bars) and constant
decay rate (average of decay rates over the domain and simulation period; blue bars).
Model simulations were also obtained with time-variable decay but without including the
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Figure 5-4: Comparison of range and mean E. coli concentration at different sites with model
simulations using i) time-variable decay with small tributaries (Variable decay with ST); ii)
constant decay with small tributaries (Constant decay with ST), and iii) time-variable decay
without small tributaries (Variable w/o ST). Whiskers and the value above them show the
maximum simulated values. Whiskers passed the y-axis limit provide the number but are not
plotted to scale.
small tributaries (green bars). For Sites S134, S8, S140, and S142 which are farther away
from the smaller tributaries, the observed E. coli concentrations are <5 CFU/100 ml, and
the model simulations are similar. For Sites S135, S136, Town of Lakeshore drinking water
intakes (LS-WTP and SP-WTP), and the site near the confluence of Ruscom River (RCM
RIV), the mean and range of E. coli concentrations predicted using model simulations
including small tributaries (“Variable decay with ST” and “Constant decay with ST”;
Figure 5-4) are higher than those without inclusion small tributaries, and also in better
agreement with the observations. These results confirm that the microbial water quality in
the nearshore region close to the confluence of the eight smaller tributaries along the
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Table 5-1: Flow contribution (%) of the tributaries at the site locations along the southern
shoreline of Lake St. Clair shown in Figure 5-1
Tributaries\Sites

S134

S8

LP

S135

LS_WTP

RCM RIV

S136

SP_WTP

S139

S140

S142

Pike Creek
Puce River
Belle River
Duck Creek
Moison Creek
Ruscom River
Little Creek
Stoney Point
Major tributaries

0.3
0.1
0.8
0.3
0.4
2.1
0.4
0.3
95.2

0.0
0.1
0.8
0.3
0.4
2.3
0.5
0.4
95.3

0.0
0.2
16.8
1.1
1.0
3.1
0.5
0.4
76.9

0.0
0.2
12.6
1.5
1.4
5.2
0.8
0.6
77.6

0.0
0.2
8.5
1.7
1.6
5.6
0.8
0.6
80.9

0.0
0.1
2.9
0.8
1.1
29.0
0.7
0.6
64.7

0.0
0.1
2.2
0.6
0.8
7.4
1.8
5.0
82.2

0.0
0.1
2.2
0.6
0.8
7.4
1.8
5.0
82.2

0.0
0.0
0.3
0.1
0.1
0.8
0.2
0.1
98.4

0.0
0.0
0.9
0.3
0.4
2.9
0.7
0.5
94.2

0.0
0.0
1.1
0.3
0.4
2.8
0.7
0.5
94.1

southern edge of Lake St. Clair is significantly affected by one or more of these tributaries,
and the effect is captured by both models using a time-variable or constant decay rates. The
range of predicted E. coli concentrations using the time-variable decay rate is in better
agreement with the range of observed values than that using the constant decay rate,
suggesting that the use of time-variable decay may be preferable for dynamic simulations
over time. A similar conclusion has been drawn in previous studies (Madani et al., 2020b).
5.3.3

Area of E. coli Influence and Relative Contribution of Each Tributary

The proximity of a study site to the tributary locations, hydrodynamic conditions, and
inflows from the other major tributaries determine the contribution of the tributary to the
water quality at that site. The combined flow from the eight small tributaries is very small
and estimated to be <0.2% of the total inflows arriving into Lake St. Claire. The relative
contribution of the eight small tributaries to the water at different sites near the southern
shore of Lake St. Clair, as compared to the major tributaries is presented in Table 5-1.
Given the proximity of the small tributaries to sites, their contribution to the water at these
sites is much higher than the flow whole lake contribution of <0.2%. The resulting
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Table 5-2: Contribution of each tributary to the E. coli concentration (%) at different site
locations along the southern shoreline of Lake St. Clair showed in Figure 5-1.
Tributaries\Sites

S134

S8

LP

S135

LS_WTP

RCM RIV

S136

SP_WTP

S139

S140

S142

Pike Creek
Puce River
Belle River
Duck Creek
Moison Creek
Ruscom River
Little Creek
Stoney Point
Major tributaries

15.9
2.9
7.7
3.5
2.9
8.3
1.1
1.1
56.6

0.5
2.9
10.6
4.5
3.7
9.8
1.6
1.5
64.8

0.1
0.7
77.3
6.4
4.2
8.3
0.2
0.3
2.5

0.1
0.8
71.6
7.7
5.5
10.6
0.4
0.5
2.7

0.1
0.8
55.3
14.2
9.1
15.0
0.7
0.9
3.7

0.0
0.0
2.5
1.1
1.7
92.4
0.3
0.5
1.5

0.0
0.0
2.5
0.9
1.3
19.9
9.3
50.1
16.0

0.0
0.0
2.5
0.9
1.3
19.9
9.3
50.1
16.0

0.0
0.0
0.6
0.1
0.2
2.9
3.1
1.5
91.6

0.0
0.0
0.2
0.2
0.3
3.4
2.2
1.6
92.1

0.0
0.0
0.8
0.5
0.6
5.6
3.6
2.4
86.7

contribution of the major tributaries is still high, ranging between 64.7% in site RCM RIV
to 98.4% in site S139.
For the same sites, the contribution to the E. coli concentration was quite different. For six
of the 11 sites located in the nearshore region of ~40 km stretch between Pike Creek and
Little Creek, E. coli concentrations are dominated by one or more of the eight small
tributaries with the combined total exceeding 80% (see Figure 5-5). For sites S135 and
LS_WTP for example, while their source water is dominated by the major tributaries
(77.6% and 80.9% respectively), the contribution to E. coli concentration is dominated by
the input from Belle River (71.6% and 55.3% respectively) (see Table 5-2). Site S134
which is the nearest site to the location of Sandpoint Beach is highly influenced by E. coli
input from major tributaries, Pike Creek, and Ruscom River with a contribution of 56.6%,
15.9% and 8.3% respectively. Belle River is much closer to the site S134, but its E. coli
contribution is less than the Ruscom River because of the higher flow contribution of the
Ruscom River (2.1%) compared to the Belle River (0.8%).
Figure 5-5 shows the map and contour plot of the mean and 90th percentile of the relative
E. coli contribution from small tributaries combined. The entire southern shoreline is
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Figure 5-5: Relative contribution of all small tributaries to E. coli concentration (a) mean and (b)
90th percentiles
affected by more than 80% contribution from small tributaries. Areas in the middle and
eastern parts of the lake can occasionally have up to 50% relative contribution from small
tributaries to E. coli concentration (Figure 5-5b). However, the total E. coli concentration
in these regions is very low (see Figure 5-2). To show the areal extent of influence for each
tributary, areas in which the E. coli concentrations are reduced by 90% (1-Log reduction)
and by 99% (2-Log reduction) from those in the tributary just before its confluence with
the lake were identified, as illustrated in Figure 5-6. For example, sites S135 and LS_WTP
are located in the area of 1-Log reduction from Belle River, and 2-Log reduction from
Duck Creek, Moison Creek, Ruscom River, Stony Point, and Little Creek. That means the
mean E. coli concentration of Belle River of 414 CFU/100 ml (Table 5-S1) is reduced to
~40 CFU/100 ml at those two sites. In a case when maximum E. coli concentration is input
from Belle River (~ 5600 CFU/100 ml) and coincides with an east to west current in the
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Figure 5-6: Area of E. coli influence: yellow are shows where the E. coli is reduced from the input
value by or less than 1-log reduction and blue area shows the reduction less than 2-log reduction.
a) Pike Creek, b) Puce Creek, c) Belle River, d) Duck Creek, e) Moison Creek, f) Ruscom River,
g) Stoney Point drainage area and h) Little Creek.
southern shoreline, the tributary concentrations is still reduced to less than 56 CFU/100 ml
before reaching Sandpoint Beach. Besides, for each site, whether it is affected by the other
tributaries can be obtained from Figure 5-6. For instance, sites S135 and LS_WTP are
affected by the discharges from Duck Creek, Moison Creek, Ruscom River, Stony Point,
and Little Creek. In the case of site S134, it is only affected by inputs from Pike Creek and
Puce River. Any E. coli entered from other tributaries will reduce by more than 2-Log
reduction (more than 99% reduction) before arriving at site S134.
5.4

Conclusion

A 3D high-resolution AEM3D model was used to assess the impact on microbial water
quality in Lake St. Clair from eight smaller tributaries located on its southern edge. The
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combined flow contribution of these tributaries to Lake St. Clair is less than 0.2%. The
impact of these tributaries on the water quality in the larger areas of the lake is expected to
be minimal and the results did show that except for a small nearshore region near the
southern edge of Lake St. Clair, the eight small tributaries do not impact the microbial
water quality.
For sampling sites located within the study area, model simulations that included the
smaller tributaries inflows were in better agreement with observations that those without.
This suggests that the modelling framework used in the study can allow for the
identification of areal zones where the contribution of a tributary may be significant. The
framework was then used to then identify areal zones within which there is a 1- or 2-log
reduction expected from each small tributary loading concentration. Depending on the
location of interest, such zones can then be used to identify whether or not the location is
likely to be impacted by the tributary.
For sampling sites in the nearshore region of a ~ 40 km stretch along the southern edge of
the lake, while the flow contributions from the eight small tributaries were estimated in the
range between 18-35%, the contribution of E. coli microbial pollution was estimated to be
>80%. These sites include a beach (Lakeview Park West Beach) and two drinking water
treatment plant intakes where the contributions from one tributary alone (Belle River) is
estimated to be >50%.
The hydrodynamics in the nearshore region is expected to be more complex than the larger
lake. Water quality in these regions can be further influenced by the confluence of
tributaries, or the presence of structures or changes in shoreline characteristics. Water
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quality changes in nearshore regions affected by such features are unlikely to be accurately
predicted using the uniform grid size of 400 m used in the current modelling framework.
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CHAPTER 6 NESTED 3D HIGH RESOLUTION MODELLING OF THE
MICROBIAL WATER QUALITY IN NEARSHORE REGION OF LAKE
ST. CLAIR
6.1

Introduction

Understanding the fate and transport of microbial contamination within the zone of
influence of the beaches and drinking water intakes is critical for managers to effectively
reduce health risks. Microbial water quality in nearshore waters, being the interface
between land and coastal waters and the primary zone of contact during recreational
activities, has direct implications for human health (Health-Canada, 2012; Nevers and
Whitman, 2005). The nearshore zone has been defined in various ways in the literature,
which can be as a simple descriptive feature such as depth or distance from the shoreline,
or depending on specific processes under consideration (Huang et al., 2019; Leon et al.,
2012; Makarewicz and Howell, 2012; Valipour et al., 2018; Warren et al., 2018). As far as
microbial pollution is concerned, the nearshore region can be defined as a zone extending
offshore from the shoreline that is exposed to microbial loading from the local sources.
Microbial water quality in the nearshore region is affected by the open lake waters, which
is impacted by the inflows of the major rivers and the hydrodynamics in the lake. It can
also be disproportionately affected by relatively small discharges and tributaries in closer
proximity of the region in question. The concentrations of microbial pollutions can be
higher near tributary mouths and discharge sites until they are diluted by mixing with the
nearshore waters. They remain in the nearshore for extended periods before ultimately
diluted with larger volumes of less impacted offshore waters (Edsall and Charlton, 1997).
Many such small tributaries are usually ignored in the lake-wide impact studies. To
mitigate and manage issues posed by elevated levels of microbial contamination in the
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nearshore regions, it is critical to identify the primary water sources of contamination
entering the lake environment.
Lake St. Clair is a freshwater waterbody and part of the international boundary between
the United States and Canada. It is an important navigational, recreational and drinking
water resource in the Great Lakes basin. Microbial water quality of Lake St. Clair is
important for more than four million people in the region that rely on the lake for drinking
and recreational purposes. Modelling studies have been conducted to better simulate and
understand hydrodynamics and water quality in the lake (Anderson and Schwab, 2011;
Anderson et al., 2010; Bocaniov and Scavia, 2018; Madani et al., 2020a). In the recent
study by Madani et al. (2020a), a structured grid AEM3D model was developed and applied
to investigate the impact of four major tributaries (Thames, Sydenham, St. Clair and
Clinton River) on microbial water quality in Lake St. Clair and in particular at Sandpoint
Beach. Lake-wide microbial water quality of Lake St. Clair was shown to be dominated by
major tributaries inputs especially from St. Clair River but it had a lower impact on the
southern shoreline which includes at least two popular beaches and two drinking water
intakes for the town of Lakeshore.
The study also identified unique hydrodynamics that resulted in the disproportionate
impact from the Thames River on the southern edge of the lake, near the Windsor Essex
Region in Canada. Microbial pollution from non-point sources and urban development in
the Windsor Essex County find their way into the southern edge of Lake St. Clair through
eight smaller tributaries. The impact of these tributaries has been included in previous
Lake-wide St. Clair water quality studies (Bocaniov and Scavia, 2018; Madani et al.,
2020b). Using structured grid AEM3D model, Madani et al. (2020b) estimated that the
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combination of small tributaries contributed to more than 80% of E. coli concentration at
the location of Lakeshore water treatment plants (WTP) and Lakeview Park West Beach
(LP Beach) located within the nearshore region of the southern edge. Belle River alone was
estimated to contribute to >50% of the E. coli concentration at LP Beach and Lakeshore
WTP. Complex bathymetry and geomorphic layout have a noticeable effect on the
hydrodynamic (flow circulation) and contamination transport, thus should be represented
with an appropriate computational mesh (Ganju et al., 2016; Ge et al., 2012). The grid sizes
of 400 m used in the study by (Madani et al., 2020b) is insufficient to adequately model
the hydrodynamics and water quality impacts in the nearshore region from small tributaries
such as Belle River with mouth widths <50 m (a grid size of 5–10 m may be desirable).
Further reducing the grid size in this structured grid model is not practical due to
computational expense. Also, it is difficult for the structured grid to correctly resolve the
complex geometry in the nearshore region.
A model with an unstructured grid can be used to accurately resolve the bathymetry in
complex shoreline with high resolution while using coarser cells elsewhere. Using
unstructured grids is preferred when it is needed to resolve the domain with complex
geometries such as irregular coastlines, islands, barriers or inlets that need to be correctly
represented. In this way, increasing the overall resolution is avoided and hence has a
computational advantage over regular grids (Chen et al., 2003; Martyr-Koller et al., 2017).
Still, that level of refinement (5-10 m) will be computationally very demanding in larger
lakes such as Lake St. Clair. Powerful computational resources and the use of parallel
computation techniques are required. A possible way of overcoming this deficiency is to
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developing a nested model for the region of interest whilst obtaining forcing conditions
from a lower-resolution larger-scale lake-wide model.
Lakeview Park West Beach in the Town of Lakeshore, Ontario, Canada is located right
next to Belle River on the southern edge of Lake St. Clair and separated from it by a 25 m
steel breakwall jetty. This breakwall was replaced by a new 150 m breakwall in 2018. Other
features nearby include another 600 m breakwall at the Lakeview Park Marina, and a
drinking water crib intake for the Lakeshore Water Treatment Plant (WTP) that extends
about 1.2 km into Lake St. Clair. The first main objective of this study is to develop a lakewide unstructured grid hydrodynamic and microbial (E. coli) water quality model using
TUFLOW-FV coupled with AED2+ framework. This lake-wide model is then tested
against ADCP and water temperature data for Lake St. Clair during the summer of 2016,
and also compared with hydrodynamic simulations obtained with the previously developed
structured grid hydrodynamic model using AEM3D (Madani et al., 2020a). The second
objective is to develop a higher resolution nested model in the area around the Belle River,
including Lakeview Beach and Lakeshore WTP, that uses the lake-wide model output
(current and scalar concentration) as the boundary condition. Microbial water quality
simulations at LP Beach and Lakeshore WTP obtained using the nested model are
compared with those using the lake-wide model and available monitoring data. Microbial
simulations were also carried out using the nested model including the new 150 m
replacement to the old 25 m jetty, built in 2018, to simulate the expected impact on the
microbial water quality at Lakeview Beach and Lakeshore WTP.
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6.2
6.2.1

Data and Methods
Study Site:

The geographic extent of this study is Lake St. Clair and a high-resolution area with a
radius of 2 km with center at the mouth of Belle River. Lakeview Park, located at the west
side of the Belle River mouth, includes a beach with pavilion, splash pad, playground,
walking trails, marina and restaurant and it is very popular in the region. A schematic
drawing showing the beach and relevant features are presented in Figure 6-1. Lakeview
Park West Beach (42°17'51.10"N, 82°42'41.61"W) (hereafter LP Beach) is located in the
mouth of the Belle River is a small (150 m long) but still a popular beach in the region
especially because of the Belle River Marina at the adjacent. The marina is protected by
600 m breakwaters on the east and west side. Recently a jetty was built that extends into
Lake St. Clair from the LP Beach to replace the failing 25-metre steel break wall.
According to the Windsor-Essex County Health Unit (WECHU) report and field
measurements both beaches are frequently posted as unsafe for water recreation for the
summer seasons due to incidents involving high bacterial counts. John George Water
Treatment Plant that is located in Belle River supplies water to the north-western portion
of the Town of Lakeshore. The intake is located at 1050 m from the shoreline (See Figure
6-1).
6.2.2

Bathymetry, Forcing Data and Flow and E. coli Boundary Conditions:

The bathymetry, from the National Geophysical Data Center (https://www.ngdc.noaa.
gov/), has depths referenced to a generic datum of 176.784 meters (580 feet). It is a gridded
scatter data with nodes interval of ~70 m by ~90 m in easting and northing direction. The
lake flexible mesh consists of 21,019 combinations of triangular and quadrilateral cells and
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Figure 6-1: Map of Lake St. Clair and its bathymetry. Triangle symbols show the locations of the
moorings (CLSM4 (42.471 N 82.877 W), LSCM4 (42.465 N 82.755 W) and 45147 (42.430 N
82.680 W)). Location of Sandpoint Beach and Lakeview Park Beach are identified by blue squares,
intakes by the red circle. Bathymetric data are in meters and all major tributaries are labelled on
the map. Small tributaries are a) Pike Creek, b) Pike Creek, c) Belle River, d) Duck Creek, e)
Moison Creek, f) Ruscom River, g) Stoney Point drainage area and h) Little Creek. P1) shows the
extension of the model inlet at the St. Clair River, P2 and P3 shows the bathymetry of an area
around Belle River and the location of Beach and water intakes.
was generated in the Surface Modeling System (SMS) mesh generation software package
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(SMS community version 13.0, AQUAVEO) developed by the Engineering Graphics
Laboratory at Brigham Young University. The model was configured with a variable mesh
ranging from <60m to ~600m, thereby capturing high spatial resolution in the littoral
regions and around complex coastlines, while using a coarser resolution lake wide. To
resolve the geometry without the great computational expense, an unstructured mesh is
employed to simulate the fluid dynamics in the Belle River mouth. Nested mesh with a
resolution between 5-10 meters at a zone stretching 4 km alongshore and roughly 2 km
onshore-offshore around Belle River mouth was established as the computational domain
to perform the simulations with the higher spatial resolution model.
Similar to the work done by Anderson et al. (2010) artificial cells and bathymetry were
created at the mouth of St. Clair River. This extension is implemented to stabilize the high
flow condition at the boundary that eliminates flow anomalies that can occur near the
boundary of unstructured grids. This is not expected to affect the results in the realistic grid
geometry. To simulate events in the high-resolution model, the lake-wide setup is first used
to generate output on the flow, water temperature, scalar and ecological values which are
then captured for input at the boundaries of the nested domain. A similar approach was
successfully employed elsewhere (Acosta et al., 2015; Leon et al., 2012; Rao and Sheng,
2008; Spillman et al., 2008).
Meteorological forcing data sets include wind direction, wind speed, air temperature,
humidity, atmospheric pressure, rainfall, and solar radiation. Data is from the nearest
stations (Windsor A. Station ID=4716; Windsor Riverside Station ID=4715) and moored
surface buoys (Buoy (West Erie) 45005 (41.677 N 82.398 W); Buoy 45147 (42.430N
82.680W); LSCM4 (42.465N 82.755W); CLSM4 (42.471N 82.877W)). Buoy 45147,
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which is maintained by Environment and Climate Change Canada (ECCC), was used to
fill out missing wind direction and wind speed data and for model validation of water
temperature. Solar radiation data were obtained from the Canadian Regional Climate
Model (CRCM5) provided by the University of Quebec at Montreal (UQAM) (Huziy and
Sushama, 2017). (See Table S1 for more information).
Flow and temperature data of the four major tributaries to the lake (Thames, Sydenham,
St. Clair, and Clinton Rivers) and the outflow (Detroit River) were obtained from the
nearest gauged stations as described in the previous paper (Madani et al., 2020a) for the
year 2016. E. coli concentration for major tributaries was estimated using the hydrological
scaled method described in our previous work (Madani et al., 2020a). Data for Thames
River at the mouth of the river (Site T0) is used to get the boundary condition for Thames
River. In the case of small tributaries (Pike Creek, Puce River, Belle River Duck Creek,
Moison Creek Ruscom River and Stoney Point drainage area and Little Creek) the observed
flow is only available for Ruscom River at the station (02GH002). Flow for other tributaries
was obtained from watershed modelling using SWAT and results was calibrated using
observed flow of Ruscom River. E. coli data for small tributaries are limited to few grab
samples collected by ERCA and PWQMN. A MATLAB code was written to correlate the
flow with the E. coli to obtain time series of E. coli concentration for each tributaries.
6.2.3
6.2.3.1

Modelling Framework:
Hydrodynamics and Ecological Model

In the current study, the 2-Dimensional Unsteady Flow Finite Volume (TUFLOW-FV) is
used. The model solves the Non-Linear Shallow Water Equations (NLSWE) numerically
using the finite volume method integrating primitive equations over the unstructured
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triangular and quadrilateral grid mesh with 10 vertical sigma layers for a 3D simulation
(BMT_Pty._Ltd., 2019). The NLSWE is a system of equations describing the conservation
of fluid mass/volume and momentum in an incompressible fluid, under the hydrostatic
pressure and Boussinesq assumptions. This approach combines the advantage of an
unstructured grid for shoreline fitting and the flexibility of local mesh refinements (similar
to finite element methods), as well as numerical efficiency and code simplicity (similar to
finite difference methods). Although this study focuses on the Belle River nearshore
(Figure 6-1), TUFLOW-FV is configured to simulate the lake-wide physical dynamics of
Lake St. Clair, thus providing a reliable representation of large-scale background
circulation and the role of remote (onshore) forcing in driving nearshore water movement.
The nested approach was adopted by extracting information from the coarser grid to be
used as boundary conditions in finer mesh resolution. This configuration avoids the impact
of setting an artificial numerical boundary condition for our target region. The advantage
of an unstructured grid is that model resolution varies around 800-1000 m (coarse) in the
open lake to 50–100 m (finer) in the near vicinity of Belle River (the targeted nearshore),
affording a high degree of resolution across the 4 km study site and adequately resolving
the geographic complexity and coastal hydrodynamic conditions of that system (Figure
6-1).
Aquatic Eco-Dynamics (AED2+ V. 1.3), an open-source community-driven library of
model components. AED2 processes include the cycling of carbon, nitrogen and
phosphorus, and other relevant components such as oxygen, and can simulate organisms
including different functional groups of phytoplankton and zooplankton, and organic
matter (Hipsey et al., 2019). The coupled framework of TUFLOW-FV and AED2 is
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recently applied successfully to simulate hydrodynamics and water quality in several
studies (Liu et al., 2020; Zhang et al., 2017). AED2+ is the advanced version of AED2 that
contains 12 modules including the pathogen module and was used in the current study.
Pathogen module implemented in AED2+ can be used to simulate organisms such as
protozoa, bacteria and viruses. For more details, readers are referred to (Hipsey et al.,
2008).

The

AED2+

code

is

freely

available

for

possible

users

at

https://aed.see.uwa.edu.au/research/models/AED/download.html
6.2.3.2

Decay Formulation

The governing equation that explains the transport of the E. coli has the following general
form:
[1]

𝑑𝐶
𝑑𝑡

+

𝜕
𝜕𝑥𝑗

(𝐶𝑈𝑗 ) =

𝜕
𝜕𝑥𝑗

𝜕𝐶

(𝜅𝑗 𝜕𝑥 ) + 𝐶𝑖𝑛 − 𝐶𝑜𝑢𝑡 + 𝐾 𝐶
𝑗

Where 𝐶 denotes the E. coli concentration (𝑜𝑟𝑔𝑠⁄𝑚−3 ), 𝑡 is time, 𝑥𝑗 is the distance in the
𝑗𝑡ℎ dimension (m), 𝑈𝑗 is the velocity in the 𝑗𝑡ℎ dimension (𝑚/𝑠 −1 ), 𝜅𝑗 is eddy-diffusivity,
𝐶𝑖𝑛 and 𝐶𝑜𝑢𝑡 are the inflow and outflow fluxes (𝑜𝑟𝑔𝑠⁄(𝑚−3 . 𝑠)) and 𝐾 is the overall decay
rate. Within the TUFLOW-FV coupled with AED2+ modelling framework, the unsteady,
advection and diffusion terms on the right hand side of Eq. 1 are solved via the finite
volume scalar transport routines with TUFLOW-FV and the fourth and fifth terms are
simulated by the aed2_pathogens module of the AED2+ aquatic ecological modelling
library.
In the AED2+ pathogen module, the growth and predation terms suggested by (Hipsey et
al., 2008) are not considered directly since the likelihood of growth is small (Toze et al.,
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2012) and predation/grazing is factored into the die-off rate. Hence, the overall decay rate
can be formulated using the simplest approach assuming additive effects:
[2]

𝐾 = 𝐾𝑇 + 𝐾𝑙

where 𝐾𝑇 is the natural mortality or die-off rate due to water temperature and can be
expressed as the Arrhenius expression:
[3]

𝐾𝑇 = 𝑘𝑑20 𝜃 𝑇−20

where 𝑇 is the temperature (°𝐶), 𝑘𝑑20 is the dark death rate at 20 °𝐶 in freshwater and 𝜃
controls the sensitivity of 𝐾𝑇 to water temperature change.
In Eq. 2, 𝐾𝑙 is total die-off due to exposure to sunlight with different bandwidth. It takes
the form:
[4]

𝑁

1− 𝑒 − 𝜂𝑏 Δ𝑧

𝐵
𝐾𝑙 = ∑𝑏=1
φ 𝑘𝑏 𝑓𝑏 𝐼0 (

𝑒 − 𝜂𝑏 Δ𝑧

)

where 𝑁𝐵 is the number of discrete solar bandwidths to be modelled which here is 3
(visible, UV_A and UV-B), b is the bandwidth class [1, 2, ..., NB], 𝑘𝑏 is the freshwater
inactivation rate coefficient for exposure to the 𝑏 𝑡ℎ class (𝑚2 𝑀𝐽−1 ), φ is a constant to
convert units from seconds to days and 𝐽 to 𝑀𝐽 (=8.64 × 10−2 ). In Eq. 4, Δ𝑧 is the depth
of the computational cell and 𝜂𝑏 is the extinction coefficient for each bandwidth region
which governs how incident light is attenuated within the water column according to the
Beer Law.
A detailed description of the formula for each of the parameters of decay and growth rate
is presented by Hipsey et al. (2008).
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6.2.3.3

Metrics to Measure Model Performance

The model output and ADCP data were averaged in a window of 12 hours and compared
using r -correlation of determination, Mean Absolute Error (MAE) and Root Mean Square
Error (RMSE) and Normalized RMSE (NRMSE) metrics. Besides, to quantitatively
compare the observed and modelled currents, Fourier norms ( Fn ) was calculated according
to (Beletsky and Schwab, 2001; Huang et al., 2010). Fn represents the uncertainty in the
modelled currents relative to the variance in the observed currents from ADCP. The smaller
the Fn better the model results fit the observations. The calculation involves the average
difference between the V component (north-south) and the U component (west-east) of
velocity as follows:

Fn 

vo , vm
vo , 0

and

vo , vm

1 n
2
   vo  vm 
 n t 1


0.5

Typical Fn values of 0.4-1.2 are reported in the Great Lakes (Beletsky et al., 2006) and for
Lake Michigan yielded between 0.75-1.01 (Beletsky and Schwab, 2001). Fn scores below
0.85 are considered to be very good. The other measure of model accuracy used in this
exercise was the Root Mean Square Error (RMSE) for each vector component.
6.3
6.3.1

Results and Discussion
Lake Hydrodynamics

The hydrodynamic model was tested using measured data, which included: (1) water
temperature and (2) depth-averaged flow velocities measured using one Acoustic Doppler
Current Profiler (ADCPs) devices deployed at (42.3771 N, 82.5025 W). Here, both results
are taken at the ADCP location and further comparison of water temperature at the location
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Figure 6-2: Comparison of simulated a) South-North and b) West-East velocity components and
c) water temperature from TUFLOW-FV and AEM3D model with the ADCP data.
of buoy 45147 is presented in Appendix 3-3. The model predicted circulation pattern and
currents in Lake St. Clair was compared with previous studies for the lake, and with the
results obtained from AEM3D hydrodynamic presented in a recent study by the authors
(Madani et al., 2020a). The time series and metrics are presented in Figure 6-2. Model-
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simulated current conditions using TUFLOW-FV agree well with ADCP measurements
for both south-north and west-east flow components with NRMSE 0.2 and 0.1 respectively.
It showed better agreement compared with the results obtained by AEM3D for the same
simulation period. From the ADCP data, the south-north component varied between −5
cm.s−1 and 5 cm.s−1 and was weaker than the west-east flow (−10 cm.s−1 and 8 cm.s−1).
TUFLOW-FV simulates both components in the same range as ADCP data however,
results from the AEM3D show a higher range. Both models can simulate low and high
velocity and its rapid changes in the west-east direction better than the south-north
component. Simulated water temperature shows excellent agreement with the observed
water temperature for both models with RMSE 0.83 and 0.76 oC and a correlation
coefficient of 0.95 and 0.94 for TUFLOW-FV and AEM3D respectively. Fn value of 0.8
was obtained which is in the acceptable range of 0.75 -1.01 that is reported in the literature
(Beletsky and Schwab, 2001).
6.3.2

Microbial Water Quality Simulations

Using the lake-wide and nested models, E. coli concentration was simulated and time series
of the results at LP Beach and Lakeshore WTP are compared against observations in Figure
6-3. Figure 6-3a shows the predicted E. coli concentration at the beach using the lake-wide
model is significantly higher (up to a factor of 4) than results from the high resolution
nested model. That may be because the ~50 m grid size in the lake-wide model at LB beach
is too large to simulate the effect of the 25 m small breakwall that separates the Belle River
from the LP Beach. (See Appendix 6-1 for high-resolution images from the beach).
However, using the nested model the grid size in the same area is about 5 m, which is fine

159

Nested 3D High Resolution Modelling of the Microbial Water Quality in Nearshore Region of Lake St. Clair

Figure 6-3: Time series comparison of the lake-wide model with the nested model at a) LP Beach
b) Lakeshore water treatment plant intake location.
enough to resolve the complex feature of the beach and the breakwall. Figure 6-3a also
shows that at lower E. coli values (<300 CFU/100 ml), the nested model results seem to be
in better agreement with the monitored data, while lake-wide model results are often too
high. For observed values of >400 CFU/100 ml, the predicted values are much lower than
observed for both the models.
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Examining the weather data shows that these high E. coli events occur during a rainfall
event or shortly thereafter. As explained earlier in Section 6.2.2, very limited monitoring
data is available to define the flow and E. coli loading input from Belle River. Improper
representation of the flow and E. coli loading may be responsible for the difference between
the observed and predicted values for the high values. Model comparison at the location of
Lakeshore water treatment plant intake is presented in Figure 6-3b. Results show that the
trend from the lake-wide model and nested model is similar, with some differences
observed between the two. Most of the time the simulated E. coli concentration from the
lake-wide model is higher than the nested model but still within a factor of two.
Occasionally and for short durations, a unique combination of E. coli inputs and wind
events (strong 30-45 km/h winds from the westerly direction) resulted in spikes in E. coli
concentrations observed in the nested model but not in the lake-wide model. Such events
were observed in mid-August and late September. Monitoring data obtained from the
Lakeshore WTP show that most of the time the observed E. coli concentrations are <10
CFU/100 ml, which are simulated well by the nested model. On two occasions the observed
E. coli concentration was 20 CFU/100 ml. While spikes in predicted concentrations by the
nested model were seen on both occasions but were <10 CFU/100 ml. On a few occasions,
the model predicted spikes in E. coli concentrations ranging between 10 – 30 CFU/100 ml.
However, at those times, no monitoring data is available.
6.3.3

Contribution of Belle River to E. coli Concentration

To estimate the extent of the impact of the Belle River, its contribution to E. coli
concentration was calculated. Figure 6-4a shows the contour plot of the mean contribution
of the Belle River to E. coli concentration in the second scenario. Considering E. coli
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coming from all the small and major tributaries, on an average about 90% of the microbial
pollution at LP Beach from external sources is predicted to be from Belle River. The
relative contribution of the Belle River on average at Lakeshore WTP is much lower at
around 20%. Still however, the time series presented in Figure 6-4b shows that there are
many instances in which the relative contribution of Belle River relative is estimated to be

Figure 6-4: Contribution of the Belle River to E. coli concentration. a) shows the contours of the
mean contribution of Belle River during the simulation period and b) illustrates the time series of
the Belle River contribution at LP beach and Lakeshore WTP intake.
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between 80-100%, responsible for the spikes seen in Figure 6-3b. However even in those
instances, the maximum predicted E. coli concentration was <30 CFU/100 ml.
6.3.4

Effect of Nearshore Features

As mentioned previously, nearshore structures close to LP Beach and Lakeshore WTP in
2016 included a 600 m marina breakwall, and a 25 m jetty breakwall separating Belle River
from the adjacent LP Beach. The smaller jetty was replaced by a new 150 m jetty in 2018.
Breakwaters are one of the features on the beach that promoting the non-uniform
distribution of E. coli concentration (USEPA, 2010). The impacts of these features on the
temporal variation in microbial water quality at LP Beach and Lakeshore WTP were
investigated using the nested model. The effects of conditions in 2016 are compared with
no structures (Scenario 1), and replacement of old jetty by a new one in 2018 (Scenario 2).
Figure 6-5a shows that at LP Beach, the structures present in 2016 may have at times
caused a marginal increase in the maximum E. coli concentrations, as compared to those
expected without these structures (Scenario 1). However, more instances of E. coli
concentrations exceeding 200 CFU/100 ml could have resulted under Scenario 1. The
construction of the new jetty is expected to result in a dramatic reduction in the
contributions of Belle River and the resulting E. coli concentrations at LP Beach from
external sources. At Lakeshore WTP, the results presented in Figure 6-5b show that most
of the time the predicted E. coli concentrations were <10 CFU/100 ml and there was not
much difference between the predicted microbial water quality under 2016 conditions as
compared to the two scenarios. At times, the structures in 2016 and the new jetty in 2018
could result in a marginal increase in E. coli concentrations at Lakeshore WTP. The
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predicted maximum E. coli concentration without any structures (Scenario 1) was 15
CFU/100 ml, as compared to 35 and 40 CFU/100 ml.

Figure 6-5: Time series of the simulate E. coli concentration compared with the observed values
at a) LP Beach b) Lakeshore water treatment plant intake location. Blue arrows indicate some of
the instances that peaks are observed in Scenario 1 while low values are predicted in other cases.
Green arrows in b) show some instances that the installation of new jetty results in increasing the
E. coli concentration. Hollow circles in b) show the measured E. coli <10 CFU/100 ml which
plotted as 5 CFU/100 ml for illustration.
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Figure 6-6: comparison of flow and circulation pattern and E. coli concentration of different
scenarios at select times during the simulation period. left) no structures (Scenario 1); middle) with
new jetty built in 2018 (Scenario 2), and right) 2016 Conditions (Marina and 25 m jetty)
To show how the structures present in 2016 and Scenarios 1 and 2 could have resulted in
the differences seen in temporal variations in Figure 6-5, the nested model results from
some days with particular features as having strong east-west or west-east current are
presented in Figure 6-6. The main forces causing circulation in Lake St. Clair's southern
region are currents driven by wind stress and spatial gradients in density and temperature
rather than hydraulic flows, which is more dominant in the northwest part of the lake
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affected by the St. Clair River. Over a timeframe, e.g. couple of days or a month, tributary
plumes distribute their constituents across the nearshore region in a manner that may be
likened to a stationary source.
On the shores near the Belle River, the spatial extent of the mixing gradients in the lake
will be limited except possibly during high flow conditions due to the dilution with the vast
volume of Lake St. Clair. The occurrence of elevated levels of E. coli attributable to inputs
forms the Belle River to the lake. Figure 6-6 shows that this impact is highly localized and
sporadic in time. In the case where there is a strong east-west current, the beach areas are
likely impacted by mixing gradients from Belle River input and diluted water reached to
the beach as a result of gyre formation (See Figure 6-6 c and d). The occurrence of the high
E. coli concentration likely coincides with the occasions that the inflow is high, water
quality in the tributary is poor, and when wind conditions push the mixing gradient against
the shores of the beach.
To show the variability in predicted E. coli concentrations going into the lake, mean E. coli
concentration profile during the simulation period along transects that contains the location
of Lakeshore water treatment intakes and at the LP Beach were calculated, and the results
are presented in Figure 6-7. At the transect of Lakeshore WTP, Figure 6-7a shows that E.
coli concentration declines exponentially in the direction away from the shoreline and the
mouth of the Belle River. While there is some impact of the structures up to about 800 m
from shore, hardly any impact is seen at around 1000 m where the Lakeshore WTP intake
is located.
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Figure 6-7: E. coli concentration profile vs. distance from the shoreline a) at the location of
Lakeshore water treatment intakes and b) at LP Beach.

Results presented in Figure 6-7b at the transect of LP Beach show that the structures present
in 2016 may have resulted in some increase in E. coli concentrations at the beach as
compared to no structures, due to some “dam” effect of Belle River microbial pollution by
the marina. However, the construction of the new jetty in 2018 is expected to significantly
reduce microbial pollution at LP Beach.
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Figure 6-8: Comparison of the simulated alongshore profile of E. coli concentration at LP Beach
at a) less than 5 m from shore b) 25 m from shoreline c) 50 m from the shoreline. The x-axis shows
the distances from the mouth of the Belle River in the direction of the arrow.
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The alongshore profile is illustrated in Figure 6-8. In the area immediately adjacent to the
west edge of the Belle River the mean E. coli concentration with the presence of the
breakwater is higher compared to the case when there is no breakwater and jetty. That has
happened because the plum from the Belle River can transfer both east and west directions
when there is no obstacle such as breakwater to hold it in one place. On the west side of
the breakwater, contamination moves from river mouths to the beach no matter what is the
direction of prevailing currents. Once it reaches to the edge of the breakwater, it then moves
along the shoreline in any direction that the dominant current is. In the case of having jetty
installed (Scenario 2), the E. coli concentration along the shoreline is essentially uniform
and lower than the other two cases. These findings indicate that without jetty, the loading
and mixing can result in highly non-uniform distributions of E. coli along the LP Beach
with high E. coli persist to happen in the area immediately adjacent to the Belle River.
6.4

Conclusion

A 3D high-resolution hydrodynamic modelling was coupled with microbial modelling to
identify possible sources and contributors to microbial water quality (E. coli) at a beach
and drinking water intake in the nearshore region of the southern edge of Lake St. Clair.
Both lake-wide 3D hydrodynamic model with structured grid AEM3D and unstructured
grid TUFLOW-FV platforms were in good agreement with observed water temperatures
and ADCP data. However with comparable computational times, the TUFLOW-FV model
with a resolution of 50 m in the nearshore region provided better performance statistics
than the AEM3D model with a uniform resolution of 200 m in the lake including nearshore
areas.
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A finer grid ranging from 5-10 m nested model over a 2 km nearshore region surrounding
Belle River was successfully applied to simulate E. coli concentrations at LP Beach and
Lakeshore WTP intake using forcing conditions from the lake-wide TUFLOW-FV model.
Model results showed a significant difference between lake-wide and nested model at LP
Beach and near the mouth of the Belle River while the differences reduced to a factor of
about 1.3 or less at the Lakeshore WTP water intake, which is located about 1 km from the
shore. The differences are attributed to nearshore conditions at Belle River and its vicinity
that include its narrow width of about 30 m at its confluence, a 25 m jetty separating the
Belle River from the adjacent LP Beach, and a 600 m marina breakwater nearby. The
results show that source and shoreline features can significantly influence water quality in
the nearshore region. If features likely to impact water quality exist in the nearshore region
of interest, it is recommended that an appropriate finer grid nested model be considered to
investigate whether the nearshore features can significantly affect the results obtained using
the model with a coarser grid.
Results obtained using the nested model are in the same range and in reasonable agreement
with observations both at LP Beach and Lakeshore WTP intake location. More than 90%
of the predicted E. coli concentration at LP Beach is linked to the Belle River at all times.
At Lakeshore WTP intake, while the contribution of the Belle River is <20% when the
predicted concentrations are low (<10 CFU/ 100 ml), the contribution increased to >80%
when higher concentrations (10-35 CFU/ 100 ml) are predicted. The results also indicate
that the construction of the marina may have contributed to some increase in E. coli
concentrations at LP Beach. However, construction of a new 150 m jetty in 2018, in place
of the 25 m jetty separating Belle River from LP Beach, is expected to reduce the E. coli
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concentrations at LP Beach to be even lower than those in the absence of both. The impact
of these structures on E. coli concentrations at Lakeshore WTP intake is predicted to be
marginal.
Further testing of the models developed and their use to identify possible sources of human/
animal fecal contamination is constrained by the very limited monitoring data available at
the locations of interest, as well as the that related to the flow and microbial loadings from
the eight smaller tributaries affecting the nearshore water quality on the southern edge of
Lake Clair adjoining Windsor Essex Region. Besides, E. coli data is at times confounded
by E. coli from non-fecal sources. Also, it is still possible that contributions from some
sources such as septic system, storm drainage etc. are missing in the model. For example,
there is no field-based study of the effects of shoreline dwelling septic systems on water
quality in the nearshore of Lake St. Clair. Although there is no direct evidence to indicate
that failing septic systems are the source of E. coli affecting an area of the shoreline in the
region, but it is worth investigating. Many markers have now been identified for monitoring
that are much better indicators for human or animal fecal contamination than E. coli. If
data on such markers are collected, the same modelling framework as used in the current
study can be more useful in identifying potential sources of fecal contamination or to help
identify those currently unidentified.
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CHAPTER 7 GENERAL CONCLUSION
7.1

Summary

Fecal microbial pollution is currently monitored using Escherichia coli (E. coli) as fecal
indicator bacteria (FIB). Monitoring methods have several limitations including their
inability to predict water quality in real-time or identify potential sources of contamination
for more effective management. Mathematical models are tools that can be very effective
and complementary to monitoring in overcoming its limitations. Model predictions can be
real-time and can also help to identify or eliminate potential sources of microbial pollution.
Two main types of models are commonly used: statistical and mechanistic models.
Currently, no microbial water quality model has been developed for Lake St. Clair or the
nearshore region along its southern edge.
A simpler approach that has shown promising results is to use FIB monitoring data and
complement them with common weather data and easily measurable water quality data to
develop a predictive NowCast statistical model to predict FIB levels for a particular beach,
using mathematical techniques such as multiple linear regression (MLR). Such an approach
was applied to develop several MLR models for Sandpoint Beach located in Windsor Essex
County (WEC). All the MLR models developed performed better than the current
assumptions on microbial water quality based on the monitoring data. The inclusion of a
commonly available qualitative weather data, that is currently not used in such models,
significantly improved model performance. A strategy was presented to conclude that two
years of FIB monitoring data could be sufficient for MLR model development at Sandpoint
Beach. A new tool based on Principal Coordinate Analysis (PCoA) for MLR model
comparison and selection based on multiple performance criteria.
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Microbial water quality in a lake environment is influenced by the complex interaction of
hydrodynamics and ecological conditions and affected by several factors including
microbial load (from tributaries) and location, die-off (decay) of the microbes with time,
weather conditions, and lake bathymetry. A 3D unsteady-state mechanistic model is
expected to be required to better predict the spatial and temporal variability in microbial
water quality within the lake. Several 3D mechanistic models of increasing complexity
were developed and applied to better understand and simulate microbial water quality, and
presented in Chapters 3 – 6. Microbial loadings from watershed are expected to be flow
driven events. Thus it is expected that the major sources of microbial loading to Lake St.
Clair are the tributaries that bring most of the flow into the lake. Four major tributaries of
Lake St. Clair contribute > 99.5% of the flow. Chapter 3 was the first attempt to assess the
contribution of the major tributaries to microbial water quality in the lake and at Sandpoint
Beach using AEM3D model. Using a constant but conservative estimate of E. coli decay
rate of 0.5 d-1, the results showed that while St. Clair River was the most significant
contributor to the predicted E. coli concentration in most of the lake, including Sandpoint
Beach, the maximum predicted E. coli concentrations were <100 CFU/100 mL in most of
the central to the southern edge of Lake St. Clair. In the nearshore region along the southern
edge, including Sandpoint Beach, the predicted concentrations were even lower at <10
CFU/100 mL. The results indicate that the four major tributaries are not responsible for the
E. coli exceedances of the Ontario safety guidelines for recreational use at Sandpoint
Beach.
The fate and transport of E. coli in environmental waters are affected by hydrodynamics
and a complex array of physical, chemical, and biological factors. Of these factors, water
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temperature and incoming solar radiation (insolation) are arguably the most potent in the
inactivation and die-off rate of E. coli in water. Two main approaches can be used to
simulate E. coli fate in the water environment, i) using constant decay rate and ii) using the
time-variable decay rate. When the data is limited, using a constant decay rate still can
provide useful information about the fate of the microbial contamination however, using
the time-variable decay rate gives more realistic predictions. The impact of decay rate on
the modelling of microbial contamination investigated in Chapter 4. Results showed that
using the time-variable decay rate is preferable for dynamic simulations over time. The
impact of water temperature was also quite sensible when the trend of E. coli concentration
was compared with the water temperature data.
Results from Chapter 3 showed that E.coli concentrations in the region adjacent to the
southern edge of Lake St. Clair were not significantly impacted by the four major
tributaries. Eight small but seasonally significant tributaries of widely varying drainage
areas and hydrologic features discharge into Lake St. Clair along the southern shores. The
flow and pollution load from these small tributaries are expected to be negligible in the
context of the larger lake. However, their effect on the nearshore region close to their
confluence with Lake St. Clair is investigated in Chapter 5. In the nearshore region of about
40 km stretch along the southern edge of the lake, while the flow contributions from the
eight tributaries were estimated to range between 18-35%, the contribution of E. coli
microbial pollution was estimated to be greater than 80%. This region includes two beaches
(Lakeview Park West Beach and Sandpoint Beach) and two drinking water treatment plant
intakes for the Town of lakeshore.
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The grid sizes of 200 and 400 m used in the study by (Madani et al., 2020a, b) is not deemed
sufficient to adequately model the hydrodynamics and water quality impacts in the
nearshore region of small tributaries such as Belle River with widths of <50 m, where a
grid size of 5 – 10 m may be desirable. Further reducing the grid size in this structured grid
model is not practical due to computational expense. A lake-wide unstructured grid
TUFLOW-FV coupled with AED2+ ecological model was developed and results compared
with a finer grid (up to 5 m) nested model over a 2 km nearshore region surrounding Belle
River. The results show up to a 4 fold difference in simulated E. coli concentrations
between the lake-wide and nested models at Lakeview Park West Beach, which is right
next to Belle River, confirming the need for the finer resolution model. The differences
reduced to a factor of up to 1.3 at the Lakeshore WTP water intake, which is about 1 km
from the shore. Besides results showed that the shoreline features such as marina that is
protected by 600 m breakwaters and newly constructed 150 m jetty can significantly
influence water quality in the nearshore region.
7.2

Engineering Significance

Minimizing human health risk from microbial water quality at recreational beaches or
source waters for drinking water supplies requires accurate and timely information on
microbiological conditions and potential sources, to issue advisories or undertake remedial
action. For example, in the United States, about 50% of the beach closing/advisory days
were attributed to unknown sources of pollution (Feng et al., 2015). Mathematical models
are tools that can help in this regard. The choice of a model will depend on many factors
such as hydrological features, local dynamic process, area of interest and availability of the
data and computational power. For beach managers or public health agencies, mechanistic
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models are usually challenging to build and less accessible due to their intrinsic complexity
and high computational demands. Statistical models in such cases are preferred because of
their simplicity. To use the statistical models, it is needed to collect information on
environmental parameters that can determine microbial contamination at a specific site.
The current study for the first time for Sandpoint Beach, which is a popular beach in the
region, developed a predictive statistical model based on Multiple Linear Regression that
showed a much higher degree of accuracy in prediction E. coli concentration, as compared
to the status quo. The predictive capability of the model was significantly improved by
including qualitative weather data that is widely available but not previously used in such
models. The study also provided guidance on time period necessary for the training period,
as well as presented a new tool based on Principal Coordinate Analysis (PCoA) for MLR
model comparison and selection based on multiple performance criteria that are expected
to be useful in future studies.
Mechanistic models on the other hand are implemented to improve the knowledge-base on
the fundamentals of fate and transport of microbial pollution to not only predict microbial
water quality but to also help with the identification of sources of microbial contamination
and their relative impact at any given location. Lake St. Clair’s watershed is heavily
impacted by human activity, which can result in contamination of its waters by fecal matter
of human or animal origin, currently monitored using fecal indicator bacteria (FIB) such
as E. coli, but the source of the contamination is currently not known.
The current study developed and used a series of mechanistic models of increasing
complexity to develop a better understanding of the microbial contamination and
contributing sources in Lake St. Clair and the nearshore region in the southern edge of the
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lake. Modelling results were compared with observations at locations of interest to identify
sources and their contributions or identify the need for model modifications or missing
sources or data. The impact of major tributaries, local inputs from the small tributaries and
also the existence of the structures or barriers in the near vicinity of the beach were studied
for the selected locations in Lake St. Clair. The models developed can be used for further
assessment and management of microbial water quality in Lake St. Clair, or used for further
model development and applications for the management of other water quality
parameters. The modelling framework and strategies used can be useful for microbial water
quality assessments in other lake environments.
7.3

Recommendations for Future Work

During the current study, some aspects were identified that have the potential for further
investigation in future studies. For example, in the case of the statistical model, it is
recommended to:


Develop other types of models such as artificial neural networks (ANN), logistic
regression, classification tree etc. and compare the results with the MLR models.



Develop a real-time toolkit that continuously collects data from the available
weather stations, water quality probs, and captured photos of beach conditions
using systems such as WebCAT or COSMOS which are the lightweight video
monitoring system (Dusek et al., 2019; Taborda and Silva, 2012) and analyze them
to predict the E. coli level in the beach area.

In the case of mechanistic modelling frameworks, more sensitive, reproducible and
standardized methods have to be developed to evaluate microbial concentrations in
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tributaries, waters and other compartments involved such as sewage, catchment systems
and sediment. In this regards it is recommended to:


Simulate for a longer period such as two years and study the ice cover, lake turnover
etc.



Investigate the impact of sediment loading on the E. coli concentration. In natural
environments, sediments are generally mixtures of clay, silt and sand which E. coli
can attach with different fractions. Also, bed composition and consolidation will
have effects on the fate and transport of E. coli.



Develop a near-future hydrodynamic and E. coli model by collecting the forcing
and loading data from the weather forecasting models and stream water quality
models respectively.



Integrate the current model with the watershed models with the capability of
predicting the E. coli concentration in the streams.



Increase the understanding of nearshore processes by study the impact of the
urbanization and threats of future climate change.



Collect high frequency data of E. coli from the point and non-point sources and find
more accurate forcing data such as stream flow rates because models are never
better than the data feeding them.

7.4
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APPENDICES
Appendix – 1 Nomenclature
Table 1-S1: Nomenclature of the often-used terms (abbreviations).
Term
𝐶
𝛼
𝛽
𝛾2
𝜖
𝑌
𝐶𝑖𝑛
𝐶𝑜𝑢𝑡
𝑥𝑗
𝑈𝑗
𝑗
𝐸𝑐𝑜𝑙𝑖
𝐾
𝑘𝑔
𝑙
𝑘𝑝
𝑘𝑇
𝑘𝑙
𝜅𝑗
𝑡

Definition
E. coli concentration
Intercept
Coefficient
Gamma squared
Error
Predicted E. coli Concentration
Inflow flux of E. coli
Inflow flux of E. coli
𝑥𝑗 is the distance in the 𝑗𝑡ℎ dimension
the velocity in the 𝑗𝑡ℎ dimension
dimension
E. coli Concentration
Overall decay rate
Growth rate
Light bandwidth
Predation rate
Dark mortality rate
Light inactivation rate
eddy-diffusivity
time
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Units
𝑜𝑟𝑔𝑠⁄𝑚−3
𝐶𝐹𝑈⁄100 𝑚𝑙
−
−
−
𝐶𝐹𝑈⁄100 𝑚𝑙
𝑜𝑟𝑔𝑠⁄(𝑚−3 . 𝑠)
𝑜𝑟𝑔𝑠⁄(𝑚−3 . 𝑠)
𝑚
𝑚/𝑠 −1
𝑥, 𝑦 , 𝑧
𝐶𝐹𝑈⁄100 𝑚𝑙
𝑑 −1
𝑑 −1
−
𝑑 −1
𝑑 −1
𝑑 −1
𝑚2 . 𝑠 −1
𝑠
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Appendix – 2 Supplementary Information of Chapter 2
2-1: Metrics:
Model performance was examined by determination of metrics such as RMSE, accuracy,
sensitivity (ability to predict true positive), and specificity (ability to predict true negative) which
are defined as follows:
𝑅𝑀𝑆𝐸 = √∑𝑁
𝑖=1

(log10 𝑃𝑖 −log10 𝑂𝑖 )2

𝑀𝑜𝑑𝑒𝑙 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑀𝑜𝑑𝑒𝑙 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑀𝑜𝑑𝑒𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

(1)

𝑁

𝑇𝑃
(𝑇𝑃+𝐹𝑁)
𝑇𝑁
(𝑇𝑁+𝐹𝑃)

(𝑇𝑃+𝑇𝑁)
𝑁

× 100

(2)

× 100

(3)

× 100

(4)

Where 𝑁 is number of observations, log10 𝑃𝑖 is the log10-transformed predicted model value,
log10 𝑂𝑖 is the log10-transformed observation, and TP, TN, FP, and FN - as described below- are
the numbers of true positives, true negatives, false positives (Type I error), and false negatives
(Type II error) respectively. All the last three metrics range from 0 to 100, with 100 being perfect.
TP: True positive; when the modelled and observed E. coli levels are both above the bathing water
standard (BWS) of 200 CFU/100 ml
TN: True negative; when the modelled and observed E. coli levels are both below the bathing
water standard (BWS) of 200 CFU/100 ml
FP: False positive; when the modelled E. coli levels are above BWS but the observed E. coli levels
are below BWS. (Type I error)
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FN: False negative; when the modelled E. coli levels are below BWS but the observed E. coli
levels are above BWS. (Type II error)
2-2: Detailed description of explanatory variables:
In the initial development phase, the key to developing a good model is to select the proper set of
explanatory variables and ensuring that they are easily available in a timely manner. Table 2-S1
shows the list of all the explanatory variables used in developing M and W series MLR models.
These variables are selected based on the literature review and their availability in the study area.
Description of each explanatory variable is as follow:
WeatherRank: Please see section “Qualitative data preparation for model series W”
RainCombine: Cumulative rainfall for the past 8, 12, 24, 48 and 72 hours before the sampling
time is used to create RainCombine variable. This variable captures the rainfall condition over a
longer period. Rainfall is undoubtedly the main contributor to bring contaminations and E. coli
into the lake. A strong correlation between log-transformed E. coli concentration and
RainCombine is observed for all the models.
RainCombine calculated based on the following formula.
RainCombine = β1*R8 + β2*R12 + β3*R24 + β4*R48 + β5*R72
β1 - β5 are the coefficients that are calculated to make the best fit between Log E. coli and
RainCombine.
Atemp: Air Temperature. Survival of E. coli in recreational water has been linked to water
temperature which directly related to air temperature. An increase in air temperature increases
water temperature and consequently a progressive increase in the biological death rate.
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WDRanked: Ranked Wind Direction. The direction from which the wind blows. It reported in
degrees clockwise from the geographic north pole. For example, 90 degrees means East wind and
180 means South wind. Antecedent hourly wind direction data was compiled for the instantaneous
value at sampling time and for the 10-h period ending at sampling time. Wind directions were
placed in eight categories as North, Northwest, West, Southwest, South, Southeast, East, and
Northeast, and examined to correlate with E. coli concentration. One-hot encoding along with a
genetic algorithm is used to assign a weight to each category to get the best correlation with E. coli
concentration.
Turb: Water turbidity. All samples were analyzed for water turbidity on-site at the time of sample
collection.
Rain24: Twenty-four-hour antecedent rainfall data from the sampling time.
WSRanked: Ranked wind speed. Antecedent hourly wind speed data was compiled for the
instantaneous value at sampling time and for the 10-h period ending at sampling time. Wind speed
were placed in four categories (0<ws<2 m/s, 2 m/s<ws<4 m/s, 4 m/s<ws<6 m/s and ws>6 m/s).
Similar to WDRanked, one-hot encoding along with a genetic algorithm is applied.
WaveH: Wave height is an independent variable associated with the movement of bacteria through
the receiving water. High waves can bring the E. coli in the wave-washed zone of the beach. Beach
sand can be the potential source of fecal contamination that supports large densities of E. coli for
a prolonged period.
WSPAIns: The instantaneous value of A-component (alongshore) of the wind moving parallel to
the shoreline at sampling time. (See figure 2-S1). A positive value indicates wind moving from
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right to left as an observer looks out onto the water. Detail description of beach orientation can be
found in the Virtual Beach user manual (Cyterski et al., 2013).
WSPOIns: The instantaneous value of O-component (offshore/onshore) of the wind moving
perpendicular to the shoreline at sampling time. Sandpoint Beach shoreline orientation is 306o
degrees from the North (See figure 2-S1). A positive value indicates wind direction from the water
to the shore.
WSPAVec: Antecedent 10-hour average from the sampling time of the A-component of the wind
moving parallel to the shoreline.
WSPOVec: Antecedent 10-hour average from the sampling time of the O-component of the wind
moving perpendicular to the shoreline.

Figure 2-S1: Satellite image of Sandpoint orientation (Google earth V 7.3.0.3832. (Retrieved
January 15, 2020)).
Wtemp: Water temperature (oC) at the time of sampling.
WindS: Wind speed (m/s) at the time of sampling.

187

Appendices

WSpdVec: Antecedent 10-hour average of wind speed from the sampling time.
WDirVec: Antecedent 10-hour average of wind direction from the sampling time.
NBirds: Number of birds (e.g. gulls, ducks, pelicans, sparrows, geese, and terns) on the beach at
the time of sampling. The impact of a single bird on the beach is insignificant. The level of E. coli
contamination can increase rapidly when dozens of birds settle in the beach shoreline or beach
water.
DOY: Day of year
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Table 2-S1: List of the explanatory variables that used to develop M and W series models and their Pearson R and p-value in correlation
with Log (E. coli) concentration. Variables are sorted in ascending order based on their p-value.
W1 and M1
2014-2015

R

P

W2 and M2
2014-2016

R

P

W3 and M3
2014-2017

R

P

W4 and M4
2015-2017

R

P

W5 and M5
2016-2017

R

P

RainCombine

0.387

0.000

RainCombine

0.413

0.000

RainCombine

0.443

0.000

RainCombine

0.426

0.000

WeatherRank

-0.497

0.000

Atemp

-0.343

0.000

WDRanked

0.334

0.000

WeatherRank

-0.376

0.000

WeatherRank

-0.411

0.000

RainCombine

0.491

0.000

WeatherRank

0.336

0.000

Rain24

0.322

0.000

Rain24

0.365

0.000

Rain24

0.344

0.000

Rain24

0.449

0.000

WDRanked

0.318

0.000

WeatherRank

-0.321

0.000

WDRanked

0.314

0.000

Turb

0.317

0.000

WDRanked

-0.368

0.000

Turb

0.314

0.000

Turb

0.302

0.000

Turb

0.308

0.000

WDRanked

0.277

0.000

WSRanked

-0.239

0.010

Rain24

0.306

0.001

WaveH

0.232

0.001

WaveH

0.217

0.001

WSRanked

0.213

0.005

DOY

0.228

0.014

WSRanked

0.305

0.001

WSRanked

0.217

0.003

Atemp

-0.190

0.003

WindS

0.173

0.022

WSPAVec

-0.169

0.069

WaveH

0.302

0.001

Atemp

-0.215

0.003

WSPAVec

-0.188

0.003

WSPOVec

0.144

0.058

Turb

0.163

0.080

WSPOVec

0.232

0.010

WSPAVec

-0.212

0.004

WSPOVec

0.184

0.004

WaveH

0.141

0.064

Wtemp

0.133

0.154

Wtemp

-0.231

0.010

WindS

0.192

0.009

WSRanked

0.163

0.011

WSpdVec

0.138

0.068

WSPAIns

-0.129

0.165

WindS

0.231

0.010

WSPOVec

0.173

0.018

DOY

0.125

0.053

WSPAVec

-0.119

0.115

WSPOVec

0.118

0.204

WSPAVec

-0.211

0.019

WSpdVec

0.126

0.085

WSPAIns

-0.112

0.084

WSPOIns

0.084

0.268

NBirds

0.094

0.313

WSpdVec

0.153

0.092

WSPAIns

-0.090

0.222

WSpdVec

0.106

0.100

Atemp

-0.069

0.367

WSPOIns

0.087

0.348

WDirVec

-0.119

0.188

DOY

0.090

0.222

WindS

0.090

0.163

DOY

0.068

0.373

WSpdVec

0.071

0.449

WSPAIns

-0.096

0.292

NBirds

0.090

0.223

WSPOIns

0.089

0.168

WDirVec

-0.049

0.517

WaveH

0.061

0.516

WSPOIns

0.091

0.315

WSPOIns

0.071

0.335

WDirVec

-0.081

0.211

NBirds

0.048

0.524

Atemp

0.034

0.715

NBirds

0.018

0.841

WDirVec

-0.065

0.381

NBirds

0.061

0.350

WSPAIns

-0.043

0.571

WindS

-0.018

0.846

DOY

0.013

0.882

Wtemp

-0.048

0.515

Wtemp

-0.060

0.352

Wtemp

0.008

0.919

WDirVec

0.006

0.946
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2-3: Qualitative data preparation for model series W:
One of the problems with MLR models is the fact that categorical data cannot be used
directly to develop the model. To include a categorical variable with more than two levels
in an MLR prediction model, the researcher needs to do some additional steps to ensure
that the results are interpretable. If the categorical variable has two levels, it can be used
directly as explanatory variables by coding as 0 and 1. In such a condition, the weighted
explanatory variable is added to the response depending on whether it is present or absent.
If the categorical coded as -1 and 1, the weighted explanatory variable is subtracted from
the response when it is -1 and added to response when it is coded as 1. When the categorical
variable has more than two levels, some other methods to deal with the data is needed. In
general, a categorical variable with 𝑛 levels will be transformed into 𝑛 variables each with
two levels. This process is called one-hot encoding.
To generate meaningful data for MLR, one-hot-encoder returns a vector for each unique
entries of the categorical data. Each vector contains only one ‘1’ while all other values in
the vector are ‘0’. In the case of weather sky condition data, the original data was put in 10
unique categories. 24-hour antecedent data from the sampling time is used to encode for
each sample. That generates a matrix of 24*10 for each sample. Supposed we have 100
samples the final matrix size is 100*24*10. The genetic algorithm was used to find the best
weight function that gives the best correlation with the E. coli concentration. To do so, a
MATLAB code was written that solve the below equation to find 𝑤 vector to get the best
linear fit between the final explanatory variable created from weather data and E. coli
concentration. Population selection is based on stochastic uniform function and crossover
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and mutation rate was set to 0.8 and 0.01 respectively. Optimization was terminated when
the average change in the fitness value is less than 10-6.
10
𝑋𝑖 = ∑24
𝑘=1 ∏𝑗=1 Ω𝑖.𝑘.𝑗 𝑤𝑗

𝑎𝑛𝑑

𝑖 = 1. 2. 3. … . 𝑛

𝑌 = 𝛽0 + 𝛽1 𝑋

(5)
(6)

where 𝑋𝑖 is the final explanatory variables created for the 𝑖𝑡ℎ day of sampling and 𝑛 is the
total number of samples, Ω𝑖.𝑗.𝑘 is the (𝑘 𝑡ℎ . 𝑗𝑡ℎ ) element of the encoded matrix obtained
from the one-hot encoding of 24 categorical data, and 𝑤𝑗 is the weight values assigned for
the 𝑗𝑡ℎ category of the qualitative data.
2-4: Censored Data:
There are 65, 58, 63, 54, and 64 days of sampling from 2014 to 2018 respectively. Values
of 10 and 1000 were used in the calculation for results reported as <10 CFU/100 ml/100
ml and > 1000 CFU/100 ml/100 ml respectively. There was no sample below the limits but
29 samples out of 240 samples (12.1%) during the training period (2014-2017) and 7
samples out of 64 samples (11%) during testing (2018) were reported as 1000 CFU/100
ml. Table 2-S2 show the number of samples and percentage of censored data in each year
and for each mode constructed from the different training period. Censored data for all the
models were less than 15% that we believe did not have too much impact on the results.
We have tried to replace the censored data with the values that we got from the uncensored
data correlation with the explanatory variables such as rainfall but the results were not very
different. It should be mentioned that we still don’t know whether these values are censored
data or they are measured as 1000 CFU/100 ml.
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Table 2-S2: Censored data information
Years

2014-2015 2014-2016 2014-2017 2015-2017 2016-2017

Number of samples

123

186

240

175

117

Number of censored data 18

22

29

16

11

Percentage

11.8%

12.1%

9.1%

9.4%

14.6%

2-5: Model Selection and the number of variables:
Exhaustive search (all possible combinations through all variables) which has been used
previously in the literature in a similar context was used to build the models (Feng et al.,
2015; Simmer, 2016). In computer science, it is often referred to as the Brute-Force search.
The intent is to examine all possible combinations. For example, for the M series models,
we have 17 explanatory variables. Constructing models based on 7 out of these 17 variables
resulted in 19,448 M series models for each training period, which were then compared to
select the best model. With qualitative weather data, there are 18 explanatory variables and
the selection of 7 will result in 31,824 models. Out of these 31,824 models, there are 12,376
models that one of the explanatory variables is weather data. The best model was selected
that gives higher R2, and lower RMSE and AIC.
To select the number of variables in the models, we used Mallows’s Cp value and
conducted an exhaustive search among all the models with 3, 4, 5 … to the total number
of variables (17 for the case without weather and 18 with weather data). Models were
compared based on their Cp values. Results showed that the best models which result in
the lowest Cp value had between 6-8 number of variables. Based on the above, we chose
to go with 7 variables for all the models.
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2-6: Multi-Collinearity check:
Each model was checked for multi-collinearity based on the Variance Inflation Factor
(VIF) as suggested by USEPA - Virtual Beach V.3 manual (Cyterski et al 2013). During
the model selection within the exhaustive model search, multi-collinearity among predictor
variables was checked too. Any model containing an explanatory variable with a high
degree of correlation with others (as measured by a large VIF value) was removed from
consideration during model selection. As suggested the threshold was set to VIF=5 which
means that 80% (1 – 1/VIF = 1 – 1/5 = 4/5) of the variability in an explanatory variable
can be explained by the other variables in the model. Among all 19,448 models in M5
series that constructed on 2-year data (2016-2017), less than 1.94% of them had VIF higher
than the threshold. Models in W series, higher multi-collinearity were observed in all the
training period but still, they are less than 2.26% for W5 models. These models were
ignored during model selection.
Table 2-S3: Percent of models with multi-collinearity observed during each training
period.
models\ training
2014-2015 2014-2015 2014-2017 2015-2017 2016-2017
period
M series

0.04%

0.36%

0.11%

0.18%

1.94%

W series

0.29%

1.29%

0.40%

0.30%

2.26%

2-7: Effect of Inclusion of Qualitative data:
In order to conduct a direct assessment of the value of adding the qualitative weather
parameter, an additional analysis was done as follows. A new set of 19,488 (MW series)
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models was created by adding qualitative weather data (as 8th variable) to each of the
corresponding M series models (7 variables) to maintain a similar model architecture, for
each training period. The M and MW series models with similar model architecture were
then compared to see how the inclusion of qualitative weather data change the model
metrics (R2, RMSE and AIC). The results are tabulated below and show that in 100% of
the models for R2, 98-100% models for RMSE, and 91-100% for AIC, the addition of
quantitative weather data in MW series models improved model performance as compared
to the corresponding M series model with similar model structure. The inclusion of
additional variables can often lead to higher R2 or lower RMSE. However, lowering of AIC
values, which get penalized for the inclusion of additional variables to a model, is certainly
indicative of improvement in model performance. The results show that the inclusion of
the qualitative weather data improved the performance of M series models with a similar
architecture in 91 – 99% of the models during training periods 1 and 2, and in 100% of the
models in training periods 3 – 5 based on AIC comparison.
Table 2-S4: Percentage of the MW series models that have higher R2, lower RMSE and
lower AIC compared to corresponding M series model with similar model architecture.
Training Period\ Comparison Metric

R2

RMSE

AIC

Training Period 1 (2014-2015)

100%

99.9%

99.1%

Training Period 2 (2014-2016)

100%

98.2%

91.7%

Training Period 3 (2014-2017)

100%

100%

100%

Training Period 4 (2015-2017)

100%

100%

100%

Training Period 5 (2016-2017)

100%

100%

100%
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2-8: Length of the Training period:
Similar to what was done for the qualitative weather parameter, an additional analysis was
undertaken to compare models with a similar architecture built with 2- (2016-2017), 3(2015-2017), and 4- (2014-2017) years of monitoring data. For the M-series models, 19448
models for each training set with similar architecture were compared, whereas, for the Wseries models, the comparison was amongst the 12,376 models with a similar structure that
included the qualitative weather parameter. The results are presented in table 2-S5.
For the M-series, models built with 2 years of data in training period (2016-2017;
2Y_train), showed higher R2, lower RMSE, and lower AIC than the corresponding models
built with 3- (2015-2017; 3Y_train), and 4- (2014-2017; 4Y_train) years, for 87.7%,
96.1%, and 100% of the models respectively.
Similar results were observed with the W series models where models built with 2 years’
data (2016-2017; 2Y_train), showed better performance measured by higher R2, lower
RMSE, and lower AIC than the corresponding models built with 3- (2015-2017; 3Y_train),
and 4- (2014-2017; 4Y_train) years, for 99.9%, 100%, and 100% models respectively.
Table 2-S5: Percentage of M and W series models that have higher R2, lower RMSE and
lower AIC compared to corresponding M and W series models with similar architecture
over training periods of 2, 3 and 4 years.
Metrics \ Models

M series models

W series models

4Y_train 3Y_train 2Y_train 4Y_train 3Y_train 2Y_train

R2

8.3%

4.0%

87.7%

0.0%

0.1%

99.9%

RMSE

0.0%

3.9%

96.1%

0.0%

0.0%

100.0%

AIC

0.0%

0.0%

100.0%

0.0%

0.0%

100.0%
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2-9: PCoA analysis
Principal Coordinates Analysis (PCoA) is a method to explore and to visualize similarities
or dissimilarities of data. PCoA converts data from a high dimensional space into a lowerdimensional space without losing too much of the information. It can be used to visualize
individuals and/or clusters of data based on their characteristics in 2 or 3 dimensions. Table
2-S6 shows the models and their metrics used in PCoA. Model X represents the ideal model
with 100% accuracy (R2, sensitivity, specificity and AUROC equal to 1 and RMSE =0).
The shorter the distance between “X” and the developed model, the better the model is.
Before we use them in PCoA analysis we normalized all the metrics to values between 0
and 1. The results of the normalized data are presented in Table 2-S7. A weight value can
be applied to emphasize the impact of each metrics (e.g. sensitivity that is important for
public health) in model selection but we did treat them equally. Table 2-S8 displays the
dissimilarity matrix used in the PCoA. We use Chi-Squared Distance to generate the
dissimilarity matrix. Figure 2-S2 and Table 2-S10 show the scree plot and tabulated data
that is used to select the two coordinates that explain the must of the variability in the data.
Coordinates F1 and F2 can explain the data variability by 67.9% and 23.1% respectively.
The first two columns of Table 2-S10 are used to plot PCoA graph. All the analysis and
plot were performed using a MATLAB script and we used XLSTAT trial version
(https://www.xlstat.com/en/) to check for the accuracy of the code in doing PCoA analysis.
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Table 2-S6: Models with their metric. This data reorganized from Table 2-1 in the main
text presented in Chapter 2
Models
Metrics

M1

M2

M3

M4

M5

W1

W2

W3

W4

W5

P1

P2

X

TP
TN
FP
FN
R2
R2Adj
RMSE
Accuracy
Specificity
Sensitivity
AUC

11
33
8
12
0.23
0.21
0.29
69
80
48
0.73

9
32
9
14
0.10
0.09
0.35
64
78
39
0.73

7
37
4
16
0.07
0.05
0.25
69
90
30
0.69

9
37
4
14
0.07
0.06
0.34
72
90
39
0.72

10
37
4
13
0.13
0.12
0.34
73
90
43
0.75

18
30
11
5
0.17
0.16
0.38
75
73
78
0.78

17
33
8
6
0.14
0.12
0.38
78
80
74
0.78

16
32
9
7
0.18
0.17
0.39
75
78
70
0.76

15
32
9
8
0.10
0.08
0.45
73
78
65
0.77

16
34
7
7
0.13
0.11
0.42
78
83
70
0.79

9
26
10
19
0.00
-0.02
0.62
54
72
32
0.57

6
27
12
17
0.02
0.00
0.61
53
69
26
0.53

23
41
0
0
1
1
0
100
100
100
1

Table 2-S7: Normalized data from table 2-S6 to values between 0 and 1.
Models
Metrics
TP
TN
FP
FN
R2
R2Adj
RMSE
Accuracy
Specificity
Sensitivity
AUC

M1

M2

M3

M4

M5

W1

W2

W3

W4

W5

P1

P2

X

0.29
0.47
0.67
0.63
0.23
0.23
0.47
0.34
0.35
0.30
0.43

0.18
0.40
0.75
0.74
0.10
0.11
0.56
0.23
0.29
0.18
0.43

0.06
0.73
0.33
0.84
0.07
0.07
0.40
0.34
0.68
0.05
0.34

0.18
0.73
0.33
0.74
0.07
0.08
0.55
0.40
0.68
0.18
0.40

0.24
0.73
0.33
0.68
0.13
0.14
0.55
0.43
0.68
0.23
0.47

0.71
0.27
0.92
0.26
0.17
0.18
0.61
0.47
0.13
0.70
0.53

0.65
0.47
0.67
0.32
0.14
0.14
0.61
0.53
0.35
0.65
0.53

0.59
0.40
0.75
0.37
0.18
0.19
0.63
0.47
0.29
0.59
0.49

0.53
0.40
0.75
0.42
0.10
0.10
0.73
0.43
0.29
0.53
0.51

0.59
0.53
0.58
0.37
0.13
0.13
0.68
0.53
0.45
0.59
0.55

0.18
0.00
0.83
1.00
0.00
0.00
1.00
0.02
0.10
0.08
0.09

0.00
0.07
1.00
0.89
0.02
0.02
0.98
0.00
0.00
0.00
0.00

1.00
1.00
0.00
0.00
1.00
1.00
0.00
1.00
1.00
1.00
1.00

197

Appendices

Table 2-S8: Dissimilarity matrix shows the distance between each pair of the models

M1
M2
M3
M4
M5
W1
W2
W3
W4
W5
P1
P2
X

M1

M2

M3

M4

M5

W1

W2

W3

W4

W5

P1

P2

X

0.000

0.296

0.603

0.486

0.404

0.540

0.436

0.366

0.384

0.399

1.003

1.170

0.921

0.296

0.000

0.571

0.494

0.480

0.664

0.589

0.526

0.456

0.544

0.782

0.944

1.209

0.603

0.571

0.000

0.212

0.308

1.059

0.858

0.862

0.813

0.763

1.148

1.311

1.223

0.486

0.494

0.212

0.000

0.129

0.888

0.671

0.686

0.634

0.568

1.116

1.301

1.108

0.404

0.480

0.308

0.129

0.000

0.806

0.587

0.599

0.568

0.484

1.147

1.335

0.986

0.540

0.664

1.059

0.888

0.806

0.000

0.261

0.212

0.282

0.366

1.147

1.329

1.001

0.436

0.589

0.858

0.671

0.587

0.261

0.000

0.124

0.179

0.116

1.169

1.370

0.906

0.366

0.526

0.862

0.686

0.599

0.212

0.124

0.000

0.153

0.189

1.098

1.288

0.912

0.384

0.456

0.813

0.634

0.568

0.282

0.179

0.153

0.000

0.190

1.005

1.203

1.038

0.399

0.544

0.763

0.568

0.484

0.366

0.116

0.189

0.190

0.000

1.150

1.356

0.905

1.003

0.782

1.148

1.116

1.147

1.147

1.169

1.098

1.005

1.150

0.000

0.349

1.864

1.170

0.944

1.311

1.301

1.335

1.329

1.370

1.288

1.203

1.356

0.349

0.000

2.040

0.921

1.209

1.223

1.108

0.986

1.001

0.906

0.912

1.038

0.905

1.864

2.040

0.000

Table 2-S9: Principal coordinates and their eigenvalues and variability (%)
F1
F2
F3
F4
F5
F6
F7
F8
F9
F10
Eigenvalue
3.1 1.1 0.3 0.1 0.0
0.0
0.0
0.0
0.0
0.0
Variability (%) 67.9 23.1 6.8 1.4 0.6
0.2
0.0
0.0
0.0
0.0
Cumulative % 67.9 91.0 97.8 99.3 99.8 100.0 100.0 100.0 100.0 100.0
Table 2-S10: Principal coordinates for each models. Coordinates F1 and F2 are selected
to plot the PCoA graph

M1
M2
M3
M4
M5
W1
W2
W3
W4
W5
P1
P2
X

F1
0.07
-0.19
0.00
0.07
0.15
0.17
0.26
0.18
0.07
0.23
-0.89
-1.08
0.94

F2
0.03
0.08
0.59
0.43
0.35
-0.45
-0.22
-0.25
-0.21
-0.12
-0.09
-0.10
-0.04

F3
0.14
0.04
-0.06
-0.11
-0.05
-0.08
-0.15
-0.05
-0.14
-0.16
0.07
0.18
0.39

F4
-0.09
-0.14
-0.03
0.04
0.04
-0.05
0.01
0.00
0.00
0.05
0.15
-0.04
0.06

F5
-0.03
-0.07
-0.02
0.03
0.02
-0.02
0.00
0.01
0.01
0.03
-0.09
0.10
0.01
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F6
-0.01
0.04
-0.04
0.00
0.03
-0.02
-0.03
-0.01
0.04
0.01
0.00
-0.01
0.00

F7
0.01
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

F8
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

F9
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

F10
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
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Scree plot
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Figure 2-S2: Scree plot that shows the axis and their eigenvalues and cumulative
variability.
2-10: Developed Models:
In this section, all the developed M and W series models formula and their estimated
coefficient are presented.
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M series models:
M1:
Linear regression model:
LOG_ECOLI ~ 1 + RainCombine + Atemp + WSRanked + WaveH + WindS + NBirds
+ WSPOIns
Estimate
SE
tStat
(Intercept)
-3.9862
2.9882
-1.334
RainCombine
0.000712
0.000184
3.874
Atemp
-0.03398
0.014599
-2.3278
WSRanked
0.11
0.049751
2.211
WaveH
0.025356
0.01241
2.0431
WindS
0.021323
0.011995
1.7777
NBirds
0.004014
0.002029
1.9784
WSPOIns
-0.06155
0.031252
-1.9694
Number of observations: 123, Error degrees of freedom: 115
Root Mean Squared Error: 0.48
R-squared: 0.338, Adjusted R-Squared 0.297
F-statistic vs. constant model: 8.38, p-value = 3e-08

pValue
0.18484
0.000178
0.021674
0.029016
0.043326
0.078095
0.050278
0.051312

M2:
Linear regression model:
LOG_ECOLI ~ 1 + RainCombine + Turb + WaveH + WSPAVec + NBirds +
WDRanked + WSPOIns
Estimate
SE
tStat
(Intercept)
-9.3444
3.1136
-3.0011
RainCombine
0.000699
0.000137
5.0876
Turb
0.006768
0.002489
2.7192
WaveH
0.016891
0.010765
1.5691
WSPAVec
-0.03719
0.013848
-2.6853
NBirds
0.005654
0.001571
3.5984
WDRanked
1.0842
0.30605
3.5425
WSPOIns
-0.05821
0.031577
-1.8435
Number of observations: 186, Error degrees of freedom: 178
Root Mean Squared Error: 0.472
R-squared: 0.325, Adjusted R-Squared 0.298
F-statistic vs. constant model: 12.2, p-value = 9.82e-13
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pValue
0.003076
9.15E-07
0.007192
0.11839
0.007932
0.000415
0.000506
0.06692
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M3:
Linear regression model:
LOG_ECOLI ~ 1 + RainCombine + Turb + WSPOVec + NBirds + WDirVec +
WDRanked + WSPOIns
Estimate
SE
tStat
(Intercept)
-8.4659
2.7991
-3.0245
RainCombine
0.001135
0.00017
6.6817
Turb
0.007543
0.002301
3.2786
WSPOVec
0.009933
0.003751
2.648
NBirds
0.004556
0.0014
3.2541
WDirVec
-0.0298
0.008507
-3.5022
WDRanked
1.0517
0.28908
3.6381
WSPOIns
-0.04984
0.031542
-1.5801
Number of observations: 240, Error degrees of freedom: 232
Root Mean Squared Error: 0.477
R-squared: 0.316, Adjusted R-Squared 0.296
F-statistic vs. constant model: 15.3, p-value = 1.85e-16

pValue
0.002771
1.73E-10
0.001204
0.008653
0.001307
0.000553
0.000338
0.11544

M4:
Linear regression model:
LOG_ECOLI ~ 1 + RainCombine + Rain24 + Turb + WSPAVec + NBirds + WDRanked
+ Wtemp
Estimate
SE
tStat
(Intercept)
-7.2808
2.8011
-2.5992
RainCombine
0.000754
0.0002
3.7607
Rain24
0.008584
0.005036
1.7048
Turb
0.009774
0.002646
3.694
WSPAVec
-0.03783
0.009999
-3.7838
NBirds
0.003212
0.001649
1.948
WDRanked
0.80835
0.26363
3.0663
Wtemp
0.024918
0.015535
1.604
Number of observations: 175, Error degrees of freedom: 167
Root Mean Squared Error: 0.46
R-squared: 0.336, Adjusted R-Squared 0.308
F-statistic vs. constant model: 12.1, p-value = 1.97e-12
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pValue
0.01018
0.000234
0.090099
0.000299
0.000215
0.053086
0.002529
0.1106
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M5:
Linear regression model:
LOG_ECOLI ~ 1 + RainCombine + Rain24 + DOY + Wtemp + WSpdVec + WSPOVec
+ WDRanked
Estimate
SE
tStat
(Intercept)
-13.586
4.0257
-3.3747
RainCombine
0.001782
0.000588
3.0328
Rain24
0.013128
0.006462
2.0317
DOY
0.002664
0.00166
1.6052
Wtemp
0.043639
0.016763
2.6034
WSpdVec
0.22714
0.060165
3.7752
WSPOVec
-0.2271
0.061613
-3.6859
WDRanked
1.342
0.38471
3.4883
Number of observations: 117, Error degrees of freedom: 109
Root Mean Squared Error: 0.43
R-squared: 0.4, Adjusted R-Squared 0.361
F-statistic vs. constant model: 10.4, p-value = 6.42e-10
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pValue
0.001024
0.003028
0.044613
0.11135
0.010517
0.000261
0.000357
0.000702
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W Series Models:
W1:
Linear regression model:
LOG_ECOLI ~ 1 + Atemp + WeatherRank + WaveH + WindS + WSPOVec + DOY +
WDRanked
Estimate
SE
tStat
(Intercept)
-5.0182
5.7454
-0.87343
Atemp
-0.04041
0.015635
-2.5847
WeatherRank
0.029357
0.007953
3.6913
WaveH
0.034347
0.013739
2.4999
WindS
0.013618
0.012707
1.0717
WSPOVec
-0.00149
0.004139
-0.35914
DOY
-3.55E-05
0.001694
-0.02099
WDRanked
0.66675
0.55559
1.2001
Number of observations: 123, Error degrees of freedom: 115
Root Mean Squared Error: 0.501
R-squared: 0.278, Adjusted R-Squared 0.234
F-statistic vs. constant model: 6.33, p-value = 2.68e-06

pValue
0.38425
0.010998
0.000343
0.013832
0.28611
0.72015
0.98329
0.23257

W2:
Linear regression model:
LOG_ECOLI ~ 1 + Rain24 + Turb + WeatherRank + WSPAVec + WindS + WSPOVec
+ WDRanked
Estimate
SE
tStat
(Intercept)
-6.0541
3.6107
-1.6767
Rain24
0.007587
0.004041
1.8775
Turb
0.009207
0.002537
3.6287
WeatherRank
-0.01737
0.00602
-2.8854
WSPAVec
-0.0362
0.016305
-2.2202
WindS
0.006734
0.009887
0.68106
WSPOVec
-0.00943
0.004797
-1.9656
WDRanked
1.1156
0.34937
3.1931
Number of observations: 186, Error degrees of freedom: 178
Root Mean Squared Error: 0.493
R-squared: 0.263, Adjusted R-Squared 0.234
F-statistic vs. constant model: 9.07, p-value = 1.46e-09
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0.095353
0.062088
0.000372
0.004393
0.027666
0.49672
0.050899
0.001664
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W3:
Linear regression model:
LOG_ECOLI ~ 1 + WeatherRank + WaveH + Atemp + WSpdVec + WSPOVec +
WDRanked + WSPOIns
Estimate
SE
tStat
(Intercept)
-1.5927
2.7842
-0.57204
WeatherRank
-0.02515
0.004301
-5.8458
WaveH
0.019243
0.011936
1.6122
Atemp
-0.01145
0.010516
-1.0889
WSpdVec
0.1402
0.053166
2.637
WSPOVec
-0.14029
0.053963
-2.5997
WDRanked
0.83483
0.26079
3.2011
WSPOIns
-0.04159
0.033011
-1.2599
Number of observations: 240, Error degrees of freedom: 232
Root Mean Squared Error: 0.507
R-squared: 0.23, Adjusted R-Squared 0.206
F-statistic vs. constant model: 9.88, p-value = 8.89e-11

pValue
0.56785
1.70E-08
0.10827
0.27731
0.00893
0.009929
0.001561
0.20896

W4:
Linear regression model:
LOG_ECOLI ~ 1 + WeatherRank + Turb + WaveH + DOY + WDirVec + Atemp +
WDRanked
Estimate
SE
tStat
(Intercept)
-4.7171
4.1536
-1.1357
WeatherRank
-0.0379
0.005773
-6.5651
Turb
0.011498
0.002739
4.1986
WaveH
0.013377
0.014419
0.92768
DOY
-2.85E-06
0.001331
-0.00214
WDirVec
-0.02354
0.010068
-2.338
Atemp
0.017473
0.012073
1.4473
WDRanked
1.2836
0.4259
3.0137
Number of observations: 175, Error degrees of freedom: 167
Root Mean Squared Error: 0.47
R-squared: 0.305, Adjusted R-Squared 0.276
F-statistic vs. constant model: 10.5, p-value = 7.37e-11
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pValue
0.25772
6.29E-10
4.36E-05
0.35491
0.99829
0.020571
0.1497
0.002983
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W5:
Linear regression model:
LOG_ECOLI ~ 1 + WeatherRank + WSRanked + Turb + WSPOVec + WDRanked +
WSPAVec + WaveH
Estimate
SE
tStat
(Intercept)
-3.1807
4.8651
-0.65378
WeatherRank
-0.01911
0.003161
-6.0445
WSRanked
-0.04726
0.019173
-2.4647
Turb
0.008391
0.005781
1.4515
WSPOVec
-0.01486
0.005916
-2.5117
WDRanked
1.209
0.43826
2.7586
WSPAVec
-0.05333
0.020773
-2.5675
WaveH
0.004188
0.015023
0.27878
Number of observations: 117, Error degrees of freedom: 109
Root Mean Squared Error: 0.446
R-squared: 0.353, Adjusted R-Squared 0.311
F-statistic vs. constant model: 8.49, p-value = 2.9e-08

pValue
0.51463
2.13E-08
0.015274
0.14952
0.01348
0.00681
0.011599
0.78094

2-11: False positive and false negative:
False positives or false negatives are site-specific and often also related to the number of
exceedances observed. For example, Francy et al. (2003) reported false positive and
negative values for six Ohio beaches in the range of 0-27.4% and 2.6-26.3% respectively.
False positives and negatives in the current study (see Table 2-S11) were within the range
for both the M series models (6.3-14.1% and 18.8-25% respectively), as well as the W
series models (10.9-18.8% and 7.8-12.5% respectively). False negatives are of greater
concern from a public health perspective, since the recreational water-quality is determined
to be acceptable by the model, when in fact the standard was exceeded. There are no
advisements from the stakeholder of the study but a target of ≥ 50% for specificity (ability
to predict true negative) and ≥ 82% for sensitivity (ability to predict true positive) has
previously been targeted in the literature (Francy et al., 2013). The sensitivity of more than
99.6% of all the M series models meet, which selected M1-M5 were among them meet
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both of these thresholds. 99.8% of the W series models meet both of these thresholds, which
W1-W5 were among them.
Table 2-S11: False positive and false negative of the models

False positive
False negative

M1

M2

M3

M4

M5

W1

W2

W3

W4

W5

PM1

PM2

12.5%

14.1%

6.3%

6.3%

6.3%

17.2%

12.5%

14.1%

14.1%

10.9%

15.6%

18.8%

18.8%

21.9%

25.0%

21.9%

20.3%

7.8%

9.4%

10.9%

12.5%

10.9%

29.7%

26.6%

2-12: Wind pattern:
The E. coli data>200 CFU/ 100 ml were segregated from data <200 CFU/100 ml for 2018,
and the wind pattern for those days is presented in Figure 2-S3.

Figure 2-S3. Wind Rose pattern for days that had a) E. coli data greater than 200 CFU/100
ml and b) E. coli data less than 200 CFU/100 ml in summer 2018
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Appendix – 3 Supplementary Information of Chapter 3
3-1: Source of data
Table 3-S1. List of the input/forcing data
#
1
2

3

4
5

6

7
8
9

Input/forcing data
Weekly E. coli monitoring
data
30 consecutive days E. coli
data during late Summer
2010
(August
10
–
September 9)
30 consecutive days water
temperature data during late
Summer 2010 (August 10 –
September 9)
Bathymetry
wind direction, wind speed,
air temperature, humidity,
atmospheric
pressure,
rainfall
solar
radiation
(SOLAR_RAD
and
LW_RAD_IN)

St. Clair River daily flow
St. Clair River daily water
temperature
Sydenham River daily flow

10 Sydenham River daily water
temperature
11 Thames River daily flow
data
12 Thames River daily water
temperature
13 Flow
and
water
temperatures for the Clinton
River
14 Detroit River daily flow
15 Satellite-derived lake-wide
daily time series of water
surface temperature

Source
Windsor-Essex County Health Unit (WECHU)
McPhedran et al. (2013)

McPhedran et al. (2013)

National
Geophysical
Data
Center
(https://www.ngdc.noaa.gov/)
Windsor A. (Station ID=4716); Windsor Riverside (Station
ID=4715) ; Buoy (West Erie) 45005 (41.677 N 82.398 W);
Buoy 45147 (42.430N 82.680W); LSCM4 (42.465N
82.755W); Buoy CLSM4 (42.471N 82.877W)
Canadian Regional Climate Model (CRCM5) provided by
University of Quebec at Montreal (UQAM). Climate data
from O. Huziy at Centre ESCER (Étude Simulation du
Climat à l’Échelle Régionale), provided 3-hourly data from
1979 to 2012 (Huziy and Sushama, 2017).
Port Huron station (Station ID= 02GG014)
National Data Buoy Center (NOAA) station at Algonac
(Station ID= 9014070)
Sydenham River at Florence (Station ID= 02GG003) and
Bear Creek below Brigden (Station ID= 02GG009)
Provincial Water Quality Monitoring Network (PWQMN)
(Station ID= 04002701702)
Thamesville (Station ID= 02GE003)
PWQMN at the Station ID= 04001305802
United States Geological Survey (USGS) data site (USGS
Station ID= 04165500 Clinton River at Moravian Drive)
Fort Wayne station (Station ID= 02GH015)
NOAA (Coast Watch Great Lakes Surface Environmental
Analysis,
GLSEA:
https://coastwatch.glerl.noaa.gov/thredds)
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Table 3-S2. Description of the runs.
Run
1
2
3
4

Grid size
400 m
200 m
100 m
50 m

Time step
300 s
300 s
300 s
60 s

Domain
Entire lake
Entire lake
Entire lake
Nested from 200 m grid
resolution - Southwestern region
of Lake St. Clair

Simulation period
May - September 2010
May - September 2010
May - September 2010
May - September 2010

3-2: Flushing time calculation
Flushing time describe the local water body exchange rate without considering the whole
domain concentration distribution (Andutta et al., 2013). In other words, flushing time
represents the amount of time needed for the water in one specific area to be replaced by
surrounding water.

The flushing time is calculated using the Volume Averaged

Concentrations (VAC), which is defined as the volume integrated concentration of tracer
concentrations over a specific sub-area normalized by the total volume of the sub-area was
calculated. Time series of tracer VAC were plotted and the flushing time obtained when
concentrations reduced to 1/e (~ 0.37) of its initial concentration (Deleersnijder et al.,
2006). The time series of VAC can be approximated by the first order exponential equation,
as: 𝐶 = 𝐶𝑜 × 𝑒 (−t⁄𝑇𝑒) where 𝐶 is the VAC at time 𝑡, 𝐶𝑜 is the initial value of VAC and
equal to 1.0 at the initialization day, and 𝑇𝑒 is the 𝑒-folding time.
3-3: Model validation and selection of the bottom boundary layer using ADCP data
An ADCP was deployed on April 27, 2016 at the location indicated in Figure 3-S1. Data
was collected every 30-minutes up to November 03, 2016. The simulation was conducted
for June to September of 2016. The model output and ADCP data was averaged in a
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window of 12 hours and compared using Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE) metrics. In order to chose a bottom boundary condition, two options
were tested: i) turbulent benthic boundary layer (TBBL) and ii) constant drag coefficient
(Cd=0.005) for all surface (drag-all). Although drag-all is a common boundary condition
in shallow water, TBBL has been successfully applied to shallow waters elsewhere (e.g.
Lake Winnipeg by Zhao et al. 2012).
The simulated results for the case of using the TBBL boundary condition appeared to have
good agreement with the west-east and south-north components of velocity (Figure 3-S2).
In the case of using drag-all boundary condition, the simulated velocity components cannot
capture the fluctuation in observed data. The root mean square errors (RMSE) between the
simulated and observed west-east and south-north velocity were 0.062 and 0.056 (m/s),
respectively. These are higher that the case where TBBL is used (RMSE for west-east and
south-north velocity were 0.055 and 0.049 (m/s), respectively). Hence, TBBL was selected
because it reproduced the currents well in Lake St. Clair compared to the drag-all option.
In TBBL case, better linear correlation with observed data (Pearson-R of 0.56) was
obtained for the west-east component compared to the south-north component of velocity.
The simulated south-north component of velocity tends to be over predicted. The model
can simulate both low and high velocity and its rapid changes in the west-east direction
better than the south-north component. In addition, model accuracy was assessed using
Normalized Root Mean Square Difference (NRMSE). NRMSE is used to compare the
relative difference between two scalar quantities (west-east and south-north velocity) from
the model and ADCP observations (Hamidi et al. 2015). The west-east and south-north
velocity components NRMSE are 0.276 and 0.449, respectively.
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Figure 3-S1. Map of Lake St. Clair and its bathymetry. ADCP location at the Thames River
Transect (TRT) (N 42o,22’,37.9” and W 82o,30’,09.1”) indicated as black star on the map.
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Figure 3-S2. Comparison of observed data (dashed red line) at the location of the TRT
ADCP (see Figure 3-S1) with model simulations using TBBL boundary condition (solid
blue line), and drag-all boundary condition (solid green line) during 4-month period in
2016.
3-4: Stratification
Model outputs were used to check the occurrence of stratification in the water column of
Lake St. Clair. Based on the simulated temperature, the vertical distribution of temperature
revealed less than 1 °C variation in the water column more than ~95% of the time.
Measured vertical distributions of temperature and water density are not available for Lake
St. Clair during the summer of 2010 for comparison. To check for the occurrence of
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stratification, additional analysis was done based on the densimetric Froude number (𝐹𝑟𝑑 ),
similar to works done by Loewen et al. (2007) and Ackerman et al. (2001). The Froude
number is a dimensionless number that measures the relative strength of inertial to
buoyancy forces. It is defined as:
𝑈

𝐹𝑟𝑑 =

√𝑔 Δℎ

Δ𝜌
𝜌

Where 𝑈 is the magnitude of depth-average velocity, 𝑔 is the acceleration due to gravity
(~ 9.8 𝑚/𝑠 2 ), Δ𝜌 is the density difference between two points a vertical distance Δℎ apart,
and 𝜌 is the average water density. When 𝐹𝑟𝑑 is less than unity, then buoyancy forces are
stronger than inertial forces and the water column is stratified. In case of 𝐹𝑟𝑑 > 1, inertial
forces can overcome the buoyancy forces and the water column remains unstratified.
Figure 3-S3 shows the percentage of the time that stratification can occurred in the water
column (𝐹𝑟𝑑 < 1). In the region near Sandpoint Beach (up to 5.5 km to the east along the
south shoreline shown by green rectangle), our model results showed that 𝐹𝑟𝑑 is greater
than unity ~ 94% of the time, indicating that the water column was unstratified. However,
along the south shoreline (average depth ~3.5 m) and navigation channel (average depth
~9 m) (see Figure 3-5a and 5c in the main text), the small water temperature variation (<1
°C) can cause stratification (0 ≤ ∆𝜌 ≤ 0.47 k𝑔 𝑚−3 ) which on average occurred 35%
and 69% of the time, respectively. There are locations in the middle and south and southwest region of the lake where stratification can occur all the time.
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Figure 3-S3. Map of Lake St. Clair showing the percentage of the time that stratification
can occur in the water column based on the simulation results calculated densimetric
Froude number.
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Appendix – 4 Supplementary Information of Chapter 4
4-1: Sensitivity analysis
For a complex model with long run times and numerous parameters, such as three
dimensional high-resolution model for Lake St. Clair based on AEM3D, it is impractical,
if not impossible, to run hundreds of thousands of simulations for testing the entire
parameter space. First, the sensitivity of E. coli concentration to changes in decay rate is
presented and then to evaluate how the parameters of decay function influence the
calculated decay value Monte Carlo sensitivity analysis was used. The sensitivity of Y in
respect to a parameter X , S XY , is defined according to Jørgensen and Bendoricchio (2001)
proposed equation as follow
SYX 

Y
X


X0

X0
Y0

(5)

where Y0 and X 0 are the values for the output and parameter respectively in the base model
run. Y X

X0

is the partial derivative of the output Y with respect to an input factor X at

the base value.
The sensitivity of E. coli concentration to the decay rate is illustrated in Figure 4-S1.
Negative values mean that there is a negative correlation between E. coli concentration and
decay rate. According to Figure 4-S1a, the sensitivity at the southern region of the lake and
near the mouth of major tributaries and St. Clair branches is lower than the middle of the
lake. These areas are where are expected to have higher E. coli concentration because of
the added impact of local tributaries. That means that the correlation between sensitivity
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and E. coli concertation is also negative. Figure 4-S1b shows the profile of the sensitivity
in the sites located in the southern region of the lake. Low sensitivity at the shoreline
indicated that small changes in the decay rate have a limited effect on the E. coli
concentration. However, the decay rate can change between 0.5 to 1.3 d-1 within the
simulation period. Maximum E. coli concentration using constant lower-end (0.5 d-1) and
high-end (1.3 d-1) decay rate is illustrated as a bar graph in Figure 4-S1c for different site
locations. As can be seen, although the sensitivity for sites S135, LS_WTP, RCM RIV,
S136, and SP_WTP are lower than -1 the E. coli concentration using these two decay rates
make differences between 19.7 to 51.3%. The results show that sensitivity to the decay rate
is not uniform. Locations closer to sources that dominate the E. coli concentrations
observed at that location are less sensitive to variation in decay rate than those farther away.
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Figure 4-S1: Sensitivity of E. coli concentration to decay rate at a) different sites b) the
whole lake, and plot presented in panel c) shows mean E. coli concentration using lowerend (0.5 d-1) and upper-end (1.3 d-1) constant decay rate. Values above the bar chart show
with their relative difference in respect to values obtained in k=0.5 d-1.
Parameters that affect the decay rate are listed in Table 4-S1 which kd 20 is the highest and
 p is the lowest influential parameter. That can be explained by the higher sum of the

square, higher correlation coefficient based on Pearson and Spearman. According to omega
squared (  , a measure of effect size), 75% of the variance in the decay rate is attributable
2
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to the dark mortality rate at 20 C ( kd 20 ). The decay rate is very sensitive to the kd 20 and
 which are parameters in KT which is the natural mortality or die-off rate due to water

temperature according to Eq. 4. The sensitivity of the decay rate to its parameters as a
function of temperature was tested, and the results are presented in Figure 4-S2. As can be
seen, the sensitivity changed as a function of water temperature, with the most variation
observed for  and kd 20 . The decay rate was most sensitive to  and kd 20 between water
temperatures of about 20 – 30 C .
Table 4-S1: parameters that were included in the sensitivity analysis of the decay rate are
sorted based on their higher degree of sensitivity to the lowest.

𝑘𝑑20
𝜃
𝑘𝑏 (𝑣𝑖𝑠)
𝑐𝑡1
𝑘𝑝20
𝜇𝑚𝑎𝑥
𝑘𝑏 (𝑈𝑉𝐴)
𝑐𝑡2
𝑘𝑏 (𝑈𝑉𝐵)
𝜃𝑝

Sum of Square
6.43
1.35
0.32
0.24
0.18
0.01
0.01
0.00
0.00
0.00

F
4.5E+05
9.5E+04
2.3E+04
1.7E+04
1.3E+04
9.4E+02
4.4E+02
2.8E+02
6.6E+01
6.3E+01

P-value
0.0E+00
0.0E+00
0.0E+00
0.0E+00
0.0E+00
5.6E-146
1.5E-81
2.3E-56
1.5E-15
6.4E-15
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Pearson
-0.87
-0.39
-0.20
0.19
-0.19
0.04
-0.07
0.01
0.02
-0.02

Spearman
-0.85
-0.38
-0.19
0.18
-0.19
0.03
-0.08
0.01
0.02
-0.01

𝝎𝟐
0.75
0.16
0.04
0.03
0.02
0.00
0.00
0.00
0.00
0.00
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Figure 4-S2: Sensitivity of decay rate to its parameter in the different water temperature
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Appendix – 5 Supplementary Information of Chapter 5
5-1: E. coli data
Table 5-S1 presents mean, maximum and the 90th percentile of E. coli concentration for
different tributaries of Lake St. Clair
Table 5-S1: Descriptive statistics of E. coli concentration from the major and small
tributaries of Lake St. Clair
Tributaries
St. Clair River
Thames River
Sydenham River
Clinton River
Pike Creek
Puce River
Belle River
Duck Creek
Moison Creek
Ruscom River
Stoney Point
Little Creek

90% Percentile
86
377
1670
445
1000
732
788
1300
1250
519
1120
222

221

Max

Mean
172
1299
2270
1801
8100
2200
5600
8550
4600
1600
3800
3000

33
262
769
306
574
295
414
615
530
211
350
124
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Figure 5-S1. The area in which E. coli from major tributaries of Lake St. Clair reduced
based on log-reduction. a) St. Clair River b) Thames River c) Clinton River d) Sydenham
River

Figure 5-S2. Rainfall data for summer 2016. The vertical lines in different colours show
the time of sampling at different sites.
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Appendix – 6 Supplementary Information of Chapter 6
6-1: High resolutoin image of Belle River area

N

Lakeshore Water
Treatment Plant

New Jetty

Old Jetty
Marina

Belle River
100 m
LP Beach

Figure 6-S1: Areal image of Lakeview Park West Beach (LP), Belle River and Marina.
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